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ABSTRACT
CHANGES IN THE U.S. TORNADO DISASTER LANDSCAPE
Stephen M. Strader, Ph.D.
Department of Geography
Northern Illinois University, 2016
Walker S. Ashley, Director

Weather disaster severity and frequency are a function of both hazard risk as well as the
underlying socioeconomic settings exposed to the hazard. In general, previous studies have
concentrated on how risk or vulnerability influence disaster potential, but not on the important
interaction of these two disaster constituents. This dissertation examines a single hazard—the
tornado—and evaluates how this hazard's evolving risk interrelates with the important human
vulnerability component of residential built-environment exposure. The research assesses these
interactions across the high tornado risk areas of the central and eastern U.S. from 1940 to 2100
using fine-scale demographic data and a Monte Carlo model that simulates tornado events and
associated impacts on the underlying exposed landscape.
This investigation reveals that as the built-environment grows and spreads outward across
the landscape over time, tornado impact severity and frequency also increases. Results indicate
that although the Midwest contains the greatest societal exposure and the Central Plains region
encompasses the highest tornado risk, the Southeast has the greatest probability of tornado
disaster. This finding is attributed to the relatively elevated tornado risk and high-density
developed land area that characterizes the Mid-South. Disaster potential within the U.S. is also
projected to increase as much as 36 fold from 1940 to 2100 due to escalating built-environment
development and its spatial footprint in at-risk regions.

Additional study findings suggest that it is not solely the built-environment magnitude
that controls tornado disaster potential; rather the geographic structure, shape, and density of the
built environment is also important in determining a region’s tornado disaster potential. In
general, enlarging (i.e., enhancing sprawl) developed land area increases tornado impact severity,
while restricting land use into a more concentrated land use pattern lowers the odds of tornado
disaster.
The final section of the dissertation examines the individual effects tornado risk and
societal exposure may have on future tornado disaster potential for high-risk locations in the U.S.
An experimental control methodology where either the influence of tornado risk or societal
exposure is held constant while the other disaster variable is allowed to change throughout the
21st century is employed. Findings reveal that increasing societal exposure will be the primary
driver of future tornado impact magnitude and disaster potential. The combination of swelling
tornado risk and societal exposure has the potential to increase expected median annual tornado
impacts and disaster potential by as much as 171% given the magnitudes of risk and exposure
changes examined.
By integrating two of the most important disaster constituents—the hazard and its
potential targets—a more thorough understanding of future tornado disaster frequency,
magnitude, and uncertainty has been reached. This research supports decision-maker needs and
risk-based decision processes that seek to reduce future tornado disaster impacts. By using a
quantitative approach that reveals uncertainty associated with projections of risk and
vulnerability, this investigation promotes a more thorough understanding of changes in tornado
disaster potential by assessing components of tornado risk and exposure. Overall, the study

provides a perspective of disaster potential that may be used to address policy through adapting
zoning laws, refining state and local building codes, and improving infrastructure.
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CHAPTER 1
INTRODUCTION AND BACKGROUND

1.1 Introduction and background

Weather-related disasters are a product of the hazard event as well as the underlying
exposed environments and their vulnerabilities. Previous research investigating hazard impacts
has primarily focused on hazard vulnerability assessments (Cutter et al. 2009). These
examinations have placed an emphasis on identifying the risk factors, such as who and what is
vulnerable, and understanding the dynamic relationship between the characteristics or attributes
of a place that shape vulnerability. Due to limited scientific input, data availability, and the
difficulty of working across disciplinary boundaries, many studies fail to integrate both
components of exposure and risk within vulnerability assessments (Cutter et al. 2009).
Nevertheless, while risk is an important component of hazard occurrence, the consequences,
impact magnitude, and frequency of disasters are often driven by the underlying human and built
environment. How does the interaction between exposure and risk influence disaster potential?
Will future built-environment and demographic growth lead to an amplification in disaster
likelihood? Is risk or exposure the greater contributor to potential future changes disaster
probability? How does the human and built-environment spatial patterns (e.g., sprawl) influence
disaster magnitude and frequency?

2
1.1.1 Weather-related disaster trends and losses
Increasing trends in weather-related disasters and associated losses are a function of both
climate and society (Changnon et al. 2000; Bouwer 2011; IPCC 2012). Determining the origin
and quantifying the sources of these trends continues to be a constant point of contention among
researchers (Bouwer 2011; Huggel et al. 2013). Some authors assert that anthropogenic climate
change has led to increased loss probabilities (e.g. Bruce 1999; Mills 2005; Hoppe and Grimm
2009; Schmidt et al. 2009), while others (Changnon et al. 2000; Pielke et al. 2005; Bouwer et al.
2007; Barredo 2009; Gall et al. 2009; Bouwer 2011; IPCC 2012, 2014; Mohleji and Pielke 2014;
Visser et al. 2014) argue that it is too early to determine if climate change has led to increasing
hazard frequencies. Nonetheless, amplified exposure due to population and economic growth is
considered to be the main driver in increasing disaster consequences (Bouwer 2011; Ashley et al.
2014).
1.1.2 Tornado risk and exposure
Previous research examining tornado risk has largely been centered on developing
climatologies of tornado occurrences or reports (Finley 1887; Wolford 1960; Thom 1963).
Tornado risk is defined as the probability of the tornado occurring in geographic space across
time (Mileti 1999; Hill and Cutter, 2001; Paul 2011). These early studies of tornado climatology
and risk were created without regard to tornado intensity and seasonality (Brooks et al. 2003a);
but, in the 1970s and 80s major changes in tornado climatology research, such as the inclusion of
tornado intensity and spatial attributes of tornado paths, permitted the incorporation of these
attributes into tornado climatologies (e.g., Abbey and Fujita 1975, 1979; Fujita 1981; Schaefer
1986). More recent research (e.g., Brooks et al. 2003a; Daneshvaran and Morden 2007; Dixon et

3
al. 2011; Brooks et al. 2014; Farney and Dixon 2014) analyzing tornado risk has used Storm
Data, a database developed by the National Climatic Data Center (NCDC) and the NWS that
contains information on path length, width, and maximum damage rating for every tornado
segment within a county (Brooks et al. 2003a; Edwards et al. 2013). These studies have
examined a spectrum of tornado risk attributes such as tornado occurrence (Brooks et al. 2003a;
Dixon et al. 2011), economic impact (Daneshvaran and Morden 2007; Simmons et al. 2013), and
daily or seasonal timing (Brooks et al. 2003a; Dixon et al. 2011).
Additional research (e.g., Rae and Stefkovich 2000; Wurman et al. 2007; Hall and Ashley
2008; Paulikas and Ashley 2011; Ashley et al. 2014; Rosencrants and Ashley 2015; Ashley and
Strader 2016) has focused on tornado exposure rather than tornado risk. Exposure often refers to
whom or what the tornado may affect (Mileti 1999; Hill and Cutter 2001; Morss et al. 2011;
Field et al. 2012). These studies often use enumerations of population and/or the built
environment (e.g., number of housing units (HU)) to evaluate the potential effects of the tornado
hazard as well as argue that human populations continue to increase and cluster in physically
vulnerable locations (Nicholls and Small 2002; Auch et al. 2004; Field et al. 2012; Ashley et al.
2014; Strader and Ashley 2016). This certainty demonstrates how ever-increasing population
growth leads to the more frequent placement of people and their assets in harm’s way (Changnon
and Burroughs 2003; Wilson and Fischetti 2010; Paulikas and Ashley 2011; Burkett and
Davidson 2012; Ashley et al. 2014). Due to advancements in computing capabilities and
software, methodologies and models have been developed to estimate the potential impacts and
losses from tornadoes in populated locations (Burton 2010; Rae and Stefkovich 2000; Wurman
et al. 2007; Ashley et al. 2014). Using geographic information systems (GIS), these studies
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often place highly-detailed damage surveyed tornado paths or their likeness (e.g., synthetic
tornado paths; Wurman et al. 2007; Ashley et al. 2014; Strader et al. 2014a) atop developed areas
to estimate potential disaster effects. Additional research has attempted to measure the change in
tornado exposure through time using a variety of statistical and spatial techniques (Hall and
Ashley 2008; Paulikas and Ashley 2011; Ashley et al. 2014). While these investigations
examine either tornado risk or exposure, to fully understand tornadoes as a hazard, both disaster
components of risk and exposure must be incorporated into analyses.
1.1.3 Future tornado risk and exposure
Studies assessing future severe weather hazard risk have primarily used dynamical
downscaling—a technique for obtaining high-resolution climate information from relatively
coarse-resolution Global Climate Models (CGM) output—to resolve deep convection processes
(Trapp et al. 2007a, b; Trapp et al. 2011; Robinson et al. 2013; Gensini and Mote 2014a, b).
These studies are often limited by model microphysics schemes, computer processing speed, and
data availability; yet, recent research has illustrated the usefulness of downscaling global GCM
output to the regional spatial scale and employing convective resolving microphysics at the 4-km
grid resolution (Trapp et al. 2007a; Diffenbaugh et al. 2013; Robinson et al. 2013; Gensini and
Mote 2014a, b). In general, findings from Trapp et al. (2007a), Diffenbaugh et al. (2013), and
Gensini and Mote (2014b) suggest an increase in the number of days with severe weather
environments throughout the 21st century. These changes are primarily found in the Southeast
and Midwest U.S. during the months of March through May. While results from Trapp et al.
(2007a), Diffenbaugh et al. (2013), and Gensini and Mote (2014b) suggest that there will be a
decrease in vertical wind shear, future increases in instability (convective available potential
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energy (CAPE)) and moisture (near-surface specific humidity)) may overwhelm the reduction in
shear and lead to amplified severe weather potential.
While dynamical downscaling studies and future projections of severe weather
environments provide a synopsis of potential changes in severe weather and tornado risk, they
only represent a single constituent of future tornado physical vulnerability. To date, there have
only been two studies (Preston 2013; Rosencrants and Ashley 2015) that have investigated future
tornado exposure.
1.1.4. Population growth and projections
Built-environment sprawl, and its influence on the natural environment, has been
examined by researchers, policy makers, and interest groups (Alig and Healy 1987; Ewing 1994;
Benfield et al. 1999; Katz and Liu 2000; Ewing et al. 2005; Theobald 2005; Bhatta et al 2010).
Previous studies have assessed the quantitative definitions of urban sprawl as well as the varying
techniques of measuring the sprawl’s spatial character. Most urban sprawl research has
employed Urban Areas (UAs), Metropolitan Statistical Areas (MSAs), county, tract, and/or
block-level U.S. decadal Census enumerations to quantify sprawl or urban population density
change (Theobald 2005).
To further investigate the rural-to-urban land use transformation, a multistep future
housing density projection model, Spatially Explicit Regional Growth Model (SERGoM), was
developed (Theobald 2005). This model produces gridded, decadal, and fine-scale (100-m)
historical housing unit density projections across the conterminous U.S. from 1940 through
2000. Cross validation between the U.S. Census Bureau population data and historical housing
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density determined that the SERGoM hindcasts performed well, yielding accuracies of
approximately 80% to 91% (Theobald 2005; EPA 2009).
The Integrated Climate and Land Use Scenarios (ICLUS) research group coupled the
Intergovernmental Panel on Climate Change (IPCC) SRES A1, A2, B1, B2, and Base Case (BC)
emission forecasts with the SERGoM model to estimate future housing unit density based on a
variety of future scenarios (Bierwagen et al. 2010; Table 1). SRES storylines are integrated into
the SERGoM model by altering the baseline U.S. Census Bureau county population growth rates
consistent with the future pathways (Bierwagen et al. 2010). The adapted U.S. A1 storyline is
outlined by rapid economic development, low population growth, and global integration (EPA
2009). The A2 scenario is considered the most aggressive population growth and housing
density projection that is controlled by consistent economic growth with a regional focus. A2
scenario fertility rates and domestic migration are assumed to be higher than the other SRES
scenarios because of the continued focus on economic development. The B1 projection is
similar to the A1 storyline but with a greater emphasis on the environment and sustainable
economic growth. Fertility is determined to be low due to higher incomes and economic growth;
whereas, international migration is expected to be high because of the economic developments
within a less-restricted global economy. The B2 storyline illustrates a regionally-oriented
landscape with moderate population growth with concentration on local solutions to environment
and economic issues (EPA 2009). This scenario is more environmentally driven compared to all
other SRES storylines. The BC scenario is created by setting all SERGoM model parameters
(e.g., travel time, migration, etc.) to “medium” (EPA 2009). Overall, in the conterminous U.S.
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Table 1: Guidelines and characteristics of the four primary SRES (Nakicenovic
2000; EPA 2009)
SRES AR4
(2100)

More economic
focus

More environmental
focus

Globalization
(homogenous world)

A1
Rapid economic growth
1.4 – 6.4 °C

B1
Global environmental
sustainability
1.1 – 2.9 °C

A2
Regionally oriented
economic development
2.0 – 5.4 °C

B2
Local environmental
sustainability
1.4 – 3.8 °C

Regionalization
(heterogeneous world)

from 2000 to 2100, the A2 scenario represents the greatest growth in population and housing
units, while the B1 and A1 storylines result in the lowest growth rates. The conterminous U.S.
B2 and BC population growth rates are greater than those of the A1 and B1 scenarios but are
much lower than the A2 scenario (EPA 2009).

1.2 Research questions

This dissertation is presented in five parts. First, the “expanding bull’s eye effect” is
discussed and illustrated in Chapter 2. The expanding bull’s eye effect suggests that, as
population and built-environment grows and expands across geographic space, the likelihood and
magnitude of hazard disaster increases. The expanding bull’s eye effect hypothesis is tested
using historical tornado (2013 Newcastle-Moore, OK EF5) and hurricane (1992 Hurricane
Andrew Category 5) events, as well as the fine-scale HU data. These hazard events are
transposed atop locations (e.g., Atlanta, GA; Houston, TX, etc.) and the potential number of HUs
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damaged over time by decade from 1940 to 2100 is measured for each spatiotemporal scenario.
This first manuscript (Chapter 2) poses these research questions:


What is the expanding bull’s eye effect and what does it mean for future tornado and
hurricane disasters?



Will potential future growth in the number of people and their assets exposed to these
hazards lead to increased disaster frequency and magnitude?
In the second manuscript (Chapter 3), the Tornado Impact Monte Carlo (TorMC) model

is presented and described. The TorMC model estimates (statistically) a region’s tornado
disaster potential by simulating thousands of tornado events atop a user-defined spatial domain.
Employing random sampling techniques on the historical tornado data and the fine-scale HU
data, the TorMC model is used to examine tornado impact magnitude and disaster potential for
the high-risk states of Alabama, Illinois, and Oklahoma. In general, this manuscript serves as a
proof of concept for methods applied in the following manuscripts (Chapters 4-6). This chapter
seeks to answer the following questions:


Can a spatially explicit model be developed to provide a better overall representation of a
region’s tornado impact magnitude and disaster potential?



What are the TorMC model options a user can apply and how do they influence model
results?



How does tornado risk and societal exposure within the three states examined uniquely
influence their tornado disaster probabilities?



What are the differences among TorMC results for each of the three states examined?
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What is (are) the primary cause(s) for these differences?



What improvements can be made to the TorMC model and what purpose do these future
changes serve?
The third manuscript (Chapter 4) uses the TorMC model and SERGoM-ICLUS HU data

to assess historic and projected future changes in societal exposure to tornadoes from 1940 to
2100 (by SRES) in the U.S. Central Plains, High Plains, Mid-South, and Midwest. This
manuscript’s primary research questions are presented below:


Which high-risk U.S. region experienced the greatest historical change in expected
tornado impact magnitude and disaster potential?



Which high-risk U.S. region is projected to undergo the greatest future change in tornado
impact magnitude and disaster potential?



Which SRES growth scenario reveals the greatest change in future tornado disaster
potential?



What are the differences in expected future tornado impacts for the four regions
examined?



What are the differences in expected future tornado impacts for each SRES and BC
scenario?
In the fourth manuscript (Chapter 5), the TorMC is again employed alongside observed

and theoretical land use surfaces in order to assess the role land use shape, structure, and density
plays in generating tornado disaster potential. Analyses are conducted at the regional (Central
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Plains) and metropolitan spatial scales (Wichita, KS). This chapter answers the following
proposed research questions:


Does land use shape, structure, and density influence tornado impact magnitude and
disaster potential at the regional and metropolitan scales?



What type of land use morphology is best for mitigating or reducing tornado impact
potential at the regional scale? Metropolitan scale?



What would happen to tornado impact potential if development sprawl was increased?
Decreased?



How can these findings potentially benefit or improve current disaster mitigation efforts
and strategies at the regional and local scale?
Lastly, the fifth manuscript (Chapter 6), assesses potential changes in future tornado risk

and exposure and their relative effects on 21st century tornado impacts and disaster probability
for the eastern two-thirds of the U.S. The TorMC model is used in a series of pragmatic
experimental control examinations where future tornado risk or exposure is held constant. By
holding constant the change in one disaster constituent and allowing the other to vary over time,
the relative contributions of each on tornado disaster potential are assessed. This manuscript
answers the following research hypotheses:


How do risk and exposure disaster components interplay and, as each change, will their
interaction lead to greater probabilities of future disaster?



Is risk or the exposure constituent of exposure the greater contributor to change in
tornado disaster potential?
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1.3 Summary

By integrating two of the most important disaster constituents—the hazard and its
potential targets—a more thorough understanding of future tornado disaster frequency,
magnitude, and uncertainty is reached. Results from this research will support decision-maker
needs and risk-based decision processes that seek to reduce future tornado disaster impacts.
While previous research has assessed societal vulnerability and/or risk to hazards in isolation and
under the assumption of stationarity, this research focuses on the interaction these two disaster
components throughout a 160-year period and across a variety of geographies. By using a
quantitative approach that reveals uncertainty associated with projections of risk and
vulnerability, this investigation promotes a more thorough understanding of changes in tornado
vulnerability by assessing components of tornado risk and exposure. Findings and suggestions
outlined in this research will provide a perspective on past and future disaster potential that may
be used to address policy through adapting zoning laws, refining state and local building codes,
and improving infrastructure. The implementation of safe rooms or the retrofitting of existing
structures will help reduce fatalities and tornado disaster consequences. Through addressing
land use patterns such as sprawl, this study addresses how long-term development strategies at
the local level may exacerbate or reduce disaster potentiality. In general, although tornado
environments and risk play an important role in the disaster potential of a location, the humanbuilt environment remains the driving factor in disaster frequency and severity. Understanding
how both tornado risk and exposure evolve throughout time and space is critical in determining
which locations are most vulnerable to tornadoes.
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This dissertation is centered on the idea that the built-environment and associated growth
influences disaster magnitude and frequency. As such, the dissertation is made up of five
manuscripts that stand alone as individual research articles related to the dissertation theme.
Because each of these manuscripts (Chapters 2-6) were designed to be freestanding within in the
popular press (Chapter 2) and research literature (Chapters 3-6), there are some repetitive
sections throughout the dissertation. For instance, data and methodology descriptions of the
SERGoM-ICLUS housing unit data, TorMC methods, conclusions and takeaways from each
manuscript may seem repetitive when reading the dissertation as a whole. Nevertheless, this was
part of the dissertation design and allowed for the publication of material as the research
progressed throughout the dissertation and Ph.D. process.

CHAPTER 2
THE EXPANDING BULL’S EYE EFFECT

2.1 Preface

The purpose of this dissertation chapter is to communicate the main research idea to a
broad audience. Thus, this chapter was submitted to Weatherwise magazine to illustrate and
highlight the importance of this type of research to a variety of scientists in different fields, as
well as the general public. The writing and manuscript style reflects this target audience and the
Weatherwise magazine readership.

2.2 Introduction

Weather hazards such as tornadoes and hurricanes affect thousands of people annually,
often resulting in casualties and billions of dollars in damage. These extreme weather events can
lead to disasters, which are a product of both hazard risk and societal exposure. Hazard risk
describes the frequency and magnitude of a weather hazard, while societal exposure is defined as
who and what is affected by an event. The National Oceanic and Atmospheric Administration
reports that there have been nearly 180 weather and climate disasters in the U.S. since 1980 that
have cost $1 billion or more, with the total cost of these events exceeding $1 trillion. The
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number of billion dollar events has been increasing over time, begging the question: Is this trend
due to more extreme events, or are changes in society to blame for the alarming increase? In this
article, the latter factor is assessed by exploring population increase, intensifying development,
and the extensive history of rural-to-urban migration, placing these demographic shifts in the
context of increasing disasters in the U.S. Since 1940, developed land represented only 2.5% of
the total U.S. land area, but, by the end of the 21st century, urban and suburban development
could make up as much as 18% of the conterminous U.S. land area. Could future growth in the
number of people and their assets exposed to these hazards lead to increased disaster frequency
and magnitude? How many people could potentially be affected if a violent tornado
struckAtlanta, Chicago, or Dallas in the future? What if a potentially catastrophic hurricane
made a direct hit on Houston, Miami, or New York?

2.3 Weather hazards

Tornadoes and tropical cyclones are some of nature’s most powerful and impressive
phenomena. While a majority of thunderstorms do not produce severe weather, when
atmospheric conditions are favorable, massive hail, damaging winds, and even long-lived
tornadoes can occur. Throughout the U.S., roughly 5% of all storms result in severe weather
with less than 1% of storms producing a tornado. Approximately 1,200 tornadoes occur across
the conterminous U.S. each year with roughly 20% rated as significant (EF2+ on the Enhanced
Fujita Scale) and 1% recorded as violent (EF4+). Historically, long-track (≥ 5 miles in length)
significant tornadoes have caused 85% of all fatalities and 75% of the recorded damage.
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Although relatively infrequent, violent tornado events have been responsible for over two-thirds
of tornado deaths since 1950.
In the last few years, tornadoes such as the May 22, 2011 Joplin, MO EF5 and the May
20, 2013 Moore, OK EF5 have resulted in large numbers of fatalities and economic loss.
Specifically, the 2013 Moore tornado killed 24 people and caused an estimated $2 billion in
damage. The Joplin tornado resulted in 158 total deaths, making it the single deadliest tornado in
the U.S. since modern tornado recordkeeping began in 1950. In addition, the Joplin tornado is
the costliest tornado on record with nearly $3 billion in damage reported. These recent two
events highlight the devastating consequences that can result when a violent tornado moves
across a developed landscape. Imagine, for a second, if the infamous 2013 El Reno, OK EF3
tornado—an unbelievably wide, erratic, and terrifying multiple-vortex tornado that traversed
largely undeveloped land—had formed just 25 miles further east? This horrific hypothetical
would have placed the tornado across the heart of densely populated Oklahoma City during
Friday evening rush hour.
While tornadoes do their share of damage, tropical cyclones are the most destructive
weather hazard on Earth. Many developed landscapes around the world are affected by these
events, sometimes resulting in significant injury, death, and economic loss. When these swirling
storms make landfall, they may produce strong winds that can destroy personal property and
infrastructure; historically storm surge and inland flooding have been responsible for a large
majority of deaths associated with these cyclones. Since 1851, 290 hurricanes have made
landfall on either the U.S. Gulf or Atlantic Coasts. Of these 290 storms, 97 of them have been
rated as major hurricanes (Category 3+ on the Saffir-Simpson Scale). Greater than 85% of all
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major hurricanes to strike the U.S. have done so on the shores of just three states—Texas,
Louisiana, and Florida. Florida alone has been hit by 40% of all landfalling U.S. hurricanes in
the past 160 years. Overall, historical records indicate that the Gulf and Atlantic Coasts are
subject to approximately two landfalling hurricanes per year, with a major hurricane making
landfall approximately once every other year.
Recent tropical cyclone events such as Hurricanes Katrina and Sandy have created
billions of dollars in damage and killed thousands of people. Hurricane Katrina, which killed
over 1,800 people, is the costliest tropical storm disaster in U.S. history with an estimated $125
billion in damage reported. Over 1 million people were displaced by Katrina, leaving hundreds
of thousands of New Orleans and central Gulf Coast residents unemployed and homeless. Apart
from the monetary and human consequences, Katrina also had a profound impact on the
environment. The extreme storm surge resulted in significant beach erosion that stretched
hundreds of square miles. Much of the media attention associated with Katrina focused on
political and governmental response, with the effects of mismanagement and poor relief efforts
well documented.
Hurricane Sandy was the second-costliest U.S. hurricane on record, with greater than $68
billion in damage and 148 confirmed deaths. Lower Manhattan experienced a storm surge of 14
feet that led to the flooding of seven subway tunnels under the East River. As a result, the New
York City Metropolitan Transportation Authority commented that the flooding associated with
Hurricane Sandy was the worst disaster in the 108-year history of the city’s extensive subway
system.
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Given these recent tornado and tropical storm disasters, one begins to ask, “Will tornado
and tropical storm disasters become more frequent in the future?” These are questions that
emergency managers, policy makers, researchers, media, and, of course, the public are asking.
Global climate change and its possible “weirding” of weather are often suggested as a potential
driver in the amplification of economic losses and impacts from weather disasters over the last
half century. However, disaster frequency and magnitude increases may be, at least in part,
attributable to the surge in people and their assets exposed to hazards, not necessarily due to
changes in the climatology of hazard events themselves. That is, growing population, developed
landscapes, and wealth are likely important factors in the increasing trends in disaster counts and
impacts.

2.4 The expanding bull’s eye effect

The expanding bull’s eye helps explain the amplification in disaster frequency and
magnitude throughout time. As seen in Figure 1, the expanding bull’s eye can be thought of as
an archery target where inner rings are made up of people and their possessions; and arrows
symbolize hazard events. Unlike real archery, the expanding bull’s eye target rings enlarge
through time. This amplification results in a greater likelihood of arrows hitting an inner ring on
the target. Accordingly, as population continues to grow and expand, the chance that a hazard
impacts developed land, resulting in a disaster, increases. When combined with a hazard
landscape that is possibly being reshaped by climate change, the expanding bull’s eye effect
suggests the potential for more and greater disasters in our future.
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Figure 1: The expanding bull’s-eye effect illustrated with the 2013 Moore, Oklahoma EF5
tornado footprint overlaid atop A) a theoretical metropolitan region and B) Wichita, Kansas, for
the years of 1950 through 2100.

The expanding bull’s eye effect is best demonstrated when examining two regions of the
conterminous U.S.—the area east of the Continental Divide, where most tornadoes occur, and
the Atlantic and Gulf Coasts, where U.S. hurricanes landfall. Many major U.S. cities and urban
areas subject to the expanding bull’s eye effect are located within these regions. For example,
cities such as Atlanta, Chicago, Dallas, Houston, Miami, and New York exemplify an expanding
bull’s eye given that they have developed rapidly over the last century and are forecast to
continue this extreme growth over the next century years. Figure 2A illustrates the amplification
of developed land area and total number of homes east of the Continental Divide from 1940 to
2100. The uncertainty in future population and housing growth is captured in the Figure 2 by
including the Intergovernmental Panel on Climate Change’s (IPCC) projections of potential
climate and societal changes. In 1940, a large majority of land east of the Continental Divide
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was considered rural or sparsely populated. By 2010, rural land had decreased by 20%,
transitioning to urban, suburban, and exurban development types. Specifically, total urbanized
land area east of the Continental Divide has increased 540% over the past 75 years. The total
number of homes in this region of the U.S. could increase as much as 94 million, or 92%, over
the next 85 years.
Figure 2B shows the same concept, except for those counties that border the Atlantic and
Gulf Coasts. These coastal locations are more densely populated compared to development east
of the Continental Divide. In 1940, 90% of the land bordering the Atlantic and Gulf Coast was
considered rural. By 2100, as much as 60% of this land could be considered developed. The
U.S. Census Bureau found, that in 2010, approximately 39% of the U.S. population resided in
coastal counties, yet, these counties, only account for 10% of the conterminous U.S. land area.
In addition, more than 16 million people were living within the coastal floodplain in 2010. Since
1970, coastal shoreline county population has increased 40%, indicating that approximately 35
million more people and their homes are in the direct path of potentially devastating storm
surges. As of 2010, the coastal shoreline county population density is approximately four times
greater than that of the average U.S. county population density.
How many more homes in Houston, Miami, or New York would be affected in 2100 by a
Category 5 hurricane compared to one that occurred in 1940? How will the expanding bull’s eye
alter tornado disaster potential in Chicago, Wichita, Kansas City, Dallas, or any number of cities
at high risk to severe thunderstorm hazards over the next 85 years? These questions can be
answered by taking historical weather events and overlaying them on locations of interest. For
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Figure 2: The percentage of urban, suburban, exurban, and rural land use A) east of the
Continental Divide and B) Atlantic and Gulf Coast counties from 1940-2100. The black line
indicates the total number of homes within the region in millions. The shaded area represents the
potential number of homes in the region throughout the 21st century based on various climate
and societal scenarios.

example, a model representing Hurricane Andrew’s extreme winds and intensity can be placed
over New York City to examine potential hazard impacts on The Big Apple in 1940, 2000, 2050,
and 2100. This “what if” scenario method can be used to illustrate how the expanding bull’s eye
effect is changing the disaster landscape across both space and time. To provide examples of
this method, the 2013 Moore EF5 tornado damage survey path and 1992 Hurricane Andrew wind
swath path have been placed near or over major cities (Figure 3).
Figures 3 highlights the difference in the number of homes that would be potentially
affected by the same tornado event from 1940 to 2100 for all path locations. Similar to Figure 2,
the uncertainty in future total number of homes impacted is illustrated by the shaded areas from
2010 to 2100. The Atlanta tornado path scenario represents the greatest change in the number of
homes impacted, where, in 1940, only 36 homes would have been struck by the tornado and, in
2100, as many as 22,500 homes would be affected by a similar event! This demonstrates how
the sprawling development, which characterizes Atlanta and many other American cities, can
amplify potential disaster effects. Similar to the tornado path scenarios, the Hurricane Andrew
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Figure 3: The total number of homes impacted by sample A) tornado and B) hurricane event
scenarios. The shaded area represents the potential number of homes impacted throughout the
21st century based on various climate and societal scenarios.

path locations also demonstrate the expanding bull’s eye effect through the swelling number of
people and homes affected throughout the 160-year period. Figure 3 suggests that if a Category
5 hurricane made landfall on the Houston, Miami, or New York coasts in 2100, greater than 1.9
million homes could be potentially affected in each case. The Big Apple region could have
somewhere between 11 and 15 million homes affected in 2100. The Miami and Houston regions
represent the greatest expanding bull’s eye effect from 1940 to 2100—the number of homes
potentially hit by a Category 5 hurricane in these metropolitan areas is expected to increase as
much as 9,000%. This represents a change of 3 million homes impacted by a Category 5
hurricane in 2100 as compared to 1940.
By examining the expanding bull’s eye effect, emergency managers, city planners, and
policy makers will be able to appreciate how development and shifting demographics shape
disaster potential. Understanding how the expanding bull’s eye effect influences disaster
potential provides a perspective of disaster consequences that may be used to address policy
through adapting zoning laws, refining state and local building codes, and improving
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infrastructure. For example, the implementation of safe rooms or the retrofitting of existing
structures will help reduce fatalities and weather disaster effects. Such discussion has already
taken place in Missouri and Oklahoma at the State and local government levels after recent
devastating tornadoes. Through addressing development patterns, long-term strategies at the
local level may begin to take disaster likelihood into account. Questions such as “Where should
a future community housing complex be built? What type of development (sprawling or
compact) should a community undertake? Should this new housing complex mandate safe
rooms?” can be answered by considering risk in the context of a community's expanding bull’s
eye effect.
As global climate change continues to modify the weather hazard landscape, growth in
population and developed land also persists; therefore, both risk and societal exposure should be
evaluated when examining future disaster potential. Tornado and Hurricane disasters only occur
where there are people and possessions to be affected. Imagine if the strongest and widest
tornado on record occurs in the middle of a largely undeveloped landscape—there will be no
billion dollar disaster or people affected. However, if that same tornado were to occur over a
city, thousands of people could be injured or killed and billions of dollars in damage could
result! The chance of the latter is increasing as populations swell and more land is converted
from undeveloped to developed.

CHAPTER 3
A MONTE CARLO MODEL FOR ESTIMATING TORNADO IMPACTS

3.1 Abstract

Determining the likelihood and severity of tornado disasters requires an understanding of
the dynamic relationship between tornado risk and vulnerability. As population increases in the
future, tornado disaster frequency and magnitude will likely amplify. This study presents the
Tornado Impact Monte Carlo (TorMC) model which simulates tornado events atop a userdefined spatial domain to estimate the possible impact on people, the built-environment, or other
potentially vulnerable assets. Using a Monte Carlo approach, the model employs a variety of
sampling techniques on observed tornado data to provide greater insight on the tornado disaster
potential for a location. Simulations containing 10,000 years of significant tornado events for the
relatively high-risk states of Alabama, Illinois, and Oklahoma are conducted to demonstrate the
model processes, reliability, and applicability. These simulations are combined with a fine-scale
(100-m), residential built-environment cost surface to illustrate the probability of housing unit
impact thresholds for a contemporary year. Sample results demonstrate the ability of the model
to successfully depict tornado risk, residential built-environment exposure, and the probability of
disaster. Additional outcomes emphasize the importance of developing versatile tools that better
capture tornado risk and vulnerability attributes in order to provide more precise estimates
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of disaster potential. Such tools can provide emergency managers, planners, insurers, and
decision makers a means to advance mitigation, resilience, and sustainability strategies.

3.2 Introduction

Over the last 80 years, the frequency and magnitude of weather-related disasters and
losses have been increasing (Bouwer 2011; Smith and Katz 2013). Attribution of the underlying
cause for the observed amplification in weather-related disaster frequency and magnitude is a
contentious topic (Pielke Jr. 2005; Bouwer 2011; Huggel et al. 2013; Kunkel et al. 2013).
However, at the most fundamental level, it involves the juxtaposition of a hazard event (e.g., risk
of a tornado) with people and their assets (e.g., vulnerability of a certain segment of the
populace, housing, critical infrastructure, etc., to a tornado) that determines disaster potential,
consequence, and severity. To date, there has been limited research determining how risk and
vulnerability interact to shape tornado disaster characteristics. Even less attention has been
placed on developing tools and methodologies to examine the dynamic relationship between
tornado risk and vulnerability.
In this research, tornado risk is defined as the spatiotemporal probability of tornado
occurrence, or hazard, of a certain magnitude, whereas tornado vulnerability is represented by a
basic physical exposure metric (e.g., the number of individuals, households, or some other
tangible asset potentially affected by a tornado). While vulnerability includes other
components—such as adaptive capacity (i.e., coping, or adapting, to a hazard) and sensitivity
(i.e., degree a system is impacted by a hazard)—these components and their interaction are often
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very complex and difficult to quantify at high-resolution across a large spatiotemporal domain
(Cutter et al. 2009; Morss et al. 2011). For this reason, this study focuses on a quantifiable and
well-measured variable—the housing unit (HU)—to exemplify aspects and utility of the newly
designed tornado impact model.
The initial goal of this research is to present a tool that examines the interaction of
tornado risk and vulnerability to better measure tornado disaster frequency, magnitude, and
disaster potential, whether from a historical or future perspective. The described Tornado Impact
Monte Carlo (TorMC) model simulates years of tornado events atop a geographical region while
assessing their impacts, or costs, on the underlying physical vulnerability landscape. To
demonstrate the utility and efficacy of the TorMC, 10,000 years of significant (greater than or
equal to Enhanced Fujita Scale 2 magnitude, or EF2+) tornadoes were simulated for the states of
Alabama, Illinois, and Oklahoma to estimate the number of HUs affected by each path in a
hypothetical contemporary year. Simulation results, as well as model sensitivity and reliability,
are highlighted through a number of statistical and graphical procedures.

3.3 Background

As populations continue to grow, the increased placement of people and their assets in
physically vulnerable locations is leading to greater disaster potential (Changnon et al. 2000;
Nicholls and Small 2002; Burkett and Davidson 2012; Ashley et al. 2014; Strader and Ashley
2015; Ashley and Strader 2016). Recent studies have sought to examine tornado risk and
vulnerability (namely, the exposure component) by utilizing geographic information systems
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(GIS). Over the last decade, advancements in GIS capabilities and affiliated datasets have
permitted studies to superimpose tornado events or their likeness atop exposure landscapes to
analyze potential tornado impacts and losses on populations (Rae and Stefkovich 2000; Wurman
et al. 2007; Ashley et al. 2014; Rosencrants and Ashley 2015). Recent research has also coupled
Monte Carlo (MC) simulation methods with the tornado hazard to provide greater insight into
tornado incidence (Meyer et al. 2002) and impacts on policyholders (Daneshvaran and Morden
2007). MC simulation is a computational modelling technique that employs repeated random
sampling to obtain the distribution of an unknown probabilistic entity (Mooney 1997). This
technique is distinguished from other types of computational models because of two unique
characteristics—iteration and randomness. The ability for MC simulations to provide
probabilistic rather than deterministic solutions yields greater value to stakeholders and those
with a vested interest, as it provides more information about likely “best case” and “worst case”
outcomes.
In the last two decades, MC simulations were engaged in the hazard sciences to examine
the effects and consequences of relatively rare, yet high-impact, geophysical events (Meyer et al.
2002; Rahman et al. 2002; Apel 2004; Daneshvaran and Morden 2007). In the hazards research
community, MC simulations have commonly been employed to acquire probability distributions
(Meyer et al. 2002), return intervals or periods (Rahman et al. 2002; Daneshvaran and Morden
2007), and/or probability of exceedance (POE) measures of extreme events (Apel 2004). More
recently, models employing MC simulation techniques were developed in the reinsurance and
catastrophe modelling fields (e.g., Aon Impact Forecasting, Swiss Re, Gen Re, etc.). However,
most of these models are proprietary and unavailable to researchers. To date, only two available
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studies (Meyer et al. 2002; Daneshvaran and Morden 2007) have applied MC simulation
techniques to the tornado hazard. The MC simulation in Meyer et al. (2002) utilized random
sampling from statistical distributions of tornado characteristics (i.e., occurrence, number of
tornadoes, path length and width, magnitude) to model solely significant tornado occurrence in
the conterminous U.S. In Daneshvaran and Morden (2007), the Aon Impact Forecasting Monte
Carlo model is highlighted. They used MC methods to simulate tornado occurrence
probabilities, return periods, as well as potential losses on their policyholders in the U.S.

3.4 TorMC model design

There are approximately 65 years of functional tornado data with much of the data
subject to inaccuracy and bias (e.g., Brooks et al. 2003a; Doswell 2007). Even when controlling
for these data issues and nonmeteorological biases, small sample size remains a paramount issue
for research studying the climatology of these relatively rare events (Doswell 2007). MC
simulations paired with tornado hazards (i.e., the TorMC model) do not present more accurate or
realistic measures of tornado risk and climatology because their inputs remain bounded by the
envelope of observed events. Rather, they provide a larger “snapshot” or “window” of tornado
event outcomes based on historical data. It is entirely plausible that, given the small sample size
of observed tornado data, that extreme—or, “tails” of the distribution—event attribute values
(e.g., length, width, magnitude, count, etc.) have not been adequately captured over the last 65
years. Tornado events and their characteristics could potentially be occurring on patterns
thousands of years or more (Meyer et al. 2002; Doswell 2007). In addition, previous research
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examining disaster consequences for a location have been constrained by the number of tornado
paths employed and tornado path placement. The major advantage of the TorMC model is that it
permits the estimate of regional disaster probability through tens of thousands of simulated
tornado events in contrast to only a handful of outcomes. Thus, the TorMC provides an overall
better grasp of large-scale tornado risk and potential tornado impact variability.
The TorMC model is comprised of four general steps: (1) study region and model
parameter definition; (2) tornado footprint creation; (3) tornado cost assessment; and (4) output
production (Figure 4). The TorMC model was designed to be highly modular (Petersen 2012) in
order to provide a user with as many simulation options as possible. Model parameter choices
are selected prior to executing the program and allow the user to control the type of output
generated from the TorMC model. Model parameters, steps, considerations, and caveats are
discussed hereafter.
3.4.1 Study region
The first step of the model process begins with the user defining a study domain on which
they want to perform the MC simulation. The TorMC model is compatible with any shape or
size study area (e.g., conterminous U.S., state, county, or custom) in shapefile (.shp) format. As
illustrated by previous studies employing tornado MC methods (Meyer et al. 2002; Daneshvaran
and Morden 2007), the study area size should be 80-km2 or greater. This area corresponds to the
Storm Prediction Center’s (SPC) probability forecasts that signifies the chance of severe weather
within 40-km of any point in the U.S. (Brooks et al. 2003a). Domains less than 80-km2 may
result in an underestimate of tornado occurrence within the region due to the limited
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Figure 4: Tornado Impact Monte Carlo (TorMC) model flow chart. Rhombus shapes indicate
model input parameters, rectangles represent model processes, rounded-corner rectangles denote
simulation decisions or choices, and the oval highlights the model output or ending process.
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observed tornado record and small sample size (approximately 59,000 events in the
conterminous U.S; Doswell 2007).
Edge effects occur in models that sample lines with starting points, preferred azimuths,
and ending points that fall outside of a domain (e.g., TorMC simulated tornado paths). Since a
majority of tornadoes in the U.S. move from southwest to northeast (Suckling and Ashley 2006),
an undersampling of tornadoes is apparent in a user-selected region’s south and west sides
(Figure 5). This edge effect is removed, or corrected, for in the TorMC by adding a simple 100km buffer to the study area and, thereafter, sampling all events within the buffer. A clipping
routine, which is discussed in a forthcoming section, is later utilized in the model to reclaim the
user’s original domain.
3.4.2 Tornado counts
The TorMC model attempts to simulate tornado events by using historical data acquired
from the SPC SVRGIS (http://www.spc.noaa.gov/gis/svrgis/). Although there are many issues
with the observed tornado data (e.g., width (Brooks et al. 2004; Strader et al. 2015a); reporting
bias (Brooks et al. 2003a; Doswell et al. 2005; Anderson et al. 2007); counts (Brooks et al.
2003a; Verbout et al. 2006; Tippett et al. 2015), these data are the only accessible source of
extensive tornado event information. The SVRGIS tornado shapefile, which contains the
observed tornado record, is integrated into the TorMC model. This permits the sampling of
historical event lengths, widths, years, starting locations, ending locations, and magnitudes.
The number of simulated tornadoes is based on the observed SVRGIS tornado data
within the user-provided study region by randomly selecting an annual tornado count from a
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Figure 5: Point density map representing tornado ending points (longitude, latitude) from a
10,000 year TorMC simulation for the state of Alabama. Panel (a) illustrates the non-corrected
edge effects, while Panel (b) highlights the corrected edge effects from the buffer-clip (inflationdeflation) procedure.
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given year in the historical data (1950-2014) using a bootstrap (Efron 1994), or random sampling
with replacement, technique. Although the SVRGIS data contain information as far back as
1950, annual tornado counts from 1950 to 1953 are often removed because they are considerably
less complete and of lower quality than those from 1954 to 2014 (Agee and Childs 2014). These
abnormal counts are attributed to different sources of tornado event information (i.e., U.S.
Nuclear Regulatory Commission; Grazulis 1993) prior to the establishment of the National
Severe Storms Forecast Center in 1952. Although it is preferable to remove 1950 to 1953 from
consideration, the user does have the capability to randomly sample annual tornado counts
(adjusted or unadjusted) and their attributes from any available SVRGIS temporal range, as well
as other sources of data (e.g., Grazulis 1993) that fit SVRGIS format.
The TorMC model does not determine an exact number of tornadoes to produce; rather, it
simulates years of tornado events. For instance, the model user may want to generate 10,000
years of tornado events atop a particular study region. The TorMC model would then randomly
sample or select an annual tornado count from a single SVRGIS data year (1954-2014) within
the study region. This randomly chosen count would then represent the total number of
tornadoes the model will generate during the first year of simulation. In this case, the process
would be repeated 9,999 more times, with replacement, until each simulation year contained a
total number of tornadoes to create. The benefit of simulating tornadoes over a given year is to
capture better the inherent year-to-year variability in annual tornado occurrences across a study
region.
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3.4.3 Tornado magnitudes
Next, the user must also decide what magnitude of tornadoes to simulate. The user can
choose a single magnitude (i.e., EF0, EF1, etc.) tornado class or a range of tornado magnitudes
(e.g., (EF0+), significant (EF2+), and violent (EF4+)) to generate. The TorMC model
acknowledges but makes no attempt to correct for the known bias towards higher tornado
intensity ratings prior to 1970 (Verbout et al. 2006; Thorne and Vose 2010; Edwards et al. 2013).
Future TorMC versions will accommodate and rectify any known tornado magnitude or intensity
rating biases. Nevertheless, tornado occurrences are progressively rarer as magnitude increases;
the TorMC model accounts for this variation by modifying the total number of tornadoes to
construct in a particular simulation year. For instance, if the user wants to generate 10,000 years
of violent tornadoes across their study region, only those observed tornado events that are within
the study region and meet the user-defined magnitude criteria (EF4+) will be considered in the
randomly sampled SVRGIS year. This process ensures that there will not be under or
oversampling of tornadoes at a given magnitude, while an approximate representation (based on
observed record) of tornado counts by magnitude will be created for all TorMC simulation years.
Once the TorMC model selects a random SVRGIS year and its associated observed
tornado count, it then performs a second bootstrap sample to select a particular magnitude of
tornado to simulate. This sampling process is then repeated until the desired total number of
simulation years is reached. Bootstrap resampling captures the potential variability in tornado
magnitudes in a year while also taking the relative percentage of all events of a given magnitude
into account. For example, if a user chooses to generate significant tornado paths atop the study
region from 1954 to 2014, the model will randomly select a year’s significant annual tornado
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path count as its total number of paths to generate in the first simulation year. In this randomly
chosen year, there may be 50 (30 EF2, 15 EF3, 4 EF4, and 1 EF5) significant tornadoes within
the study region. The model would then randomly select one tornado magnitude, record it, place
it back into the empirical data, and repeat the process 49 more times until the model captures a
list of 50 tornado magnitudes for that simulation year. In this case, the user can expect the model
to generate more EF2 than EF5 magnitude events simply based on their probability of
occurrence.
3.4.4 Tornado lengths and azimuths
Initially, the azimuths of all tornado paths within the regionally filtered SVRGIS data are
calculated. An azimuth is then randomly chosen from the data based on the previously selected
tornado magnitude within the study region. Because tornado azimuths are not random and have
a climatological tendency to travel in particular directions in the conterminous U.S. (Suckling
and Ashley 2006), this process captures the character of tornado path azimuths within the study
region. The procedure ensures that a simulated tornado of a given magnitude would have its
azimuth correspond to that of an observed tornado with the same magnitude in the study region.
Similarly, tornado path length is also selected using this method by pairing simulated tornado
lengths with observed tornado lengths within the same magnitude class. The model can also
employ random sampling from model distributions (e.g., Weibull) and their fits on the observed
data as opposed to directly sampling from the historical observed data.
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3.4.5 Tornado widths
Similar to Meyer et al. (2002) and Brooks (2004), simulated tornado path widths are
determined by bootstrap sampling from a Weibull distribution fit on the observed tornado width
data by magnitude in the study region. The Weibull distribution was chosen because it is nonnegative and always positively skewed (Brooks 2004). The primary advantage of using a
statistical distribution (as opposed to bootstrap techniques) to model tornado path widths is that
the Weibull distribution better characterizes actual tornado widths by EF scale magnitude
compared to observed widths while at the same time reducing the effects of abrupt and apparent
step functions in the historical tornado width data caused by systematic changes in event
recording practices. For instance, 1950 to 1994 tornado path widths were denoted by the mean
path width and transitioned to reported maximum path widths by 1995 (Brooks 2004; Agee and
Childs 2014; Strader et al. 2015a). Additionally, a second modification in tornado reporting
practices occurred in 2007 with the implementation of the EF Scale. Although unrelated to
tornado path width reporting practices, this change to the EF scale in 2007 has produced, as a
whole, wider tornado path widths. Reasons for this increase in tornado widths post EF scale
implementation are not known. To apply this modelling option, the TorMC requires the user to
provide a comma separated values parameter file containing the alpha (shape) and beta (scale)
parameter by tornado magnitude that the model calls upon to generate random tornado widths.
The model also accommodates the simulation of tornado path widths using random sampling
with replacement if the user prefers this technique.
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3.4.6 Tornado placement
The first tornado initiation option randomly generates latitude and longitude coordinates
within the study region that serve as the touchdown locations for each simulated tornado. If
random points are being generated on a spherical surface, they will have a tendency to cluster
near the poles due to converging (non-parallel) lines of longitude (Weisstein 2002; Figure 6).
However, the TorMC corrects for any spatial bias that may arise during this step by employing
an algorithm that randomly creates latitude and longitude coordinates within the study area
(Weisstein 2002). An equal tornado touchdown likelihood in the study region may be sufficient
for relatively small geographic areas (e.g., regional) but potentially problematic at larger scales
(e.g., conterminous U.S.) due to climatological differences in tornado occurrences within the
U.S. (e.g., Dixon et al. 2011; Farney and Dixon 2014; Tippett et al. 2015). Given this issue, the
second tornado start location creation option considers the potential variation in tornado
touchdown probability in a study region. This method requires the user to provide a tornado
touchdown probability raster surface (e.g., cf. Figure 4 in Brooks et al. 2003a) on which the start
locations will be spatially weighted. The second methodology is suitable at all geographic
spatial scales and provides greater advantage at increasingly larger user-defined study regions.
The tornado event simulation portion of the TorMC model concludes with the creation of
tornado footprint polygons (i.e., maximum areal extent of tornadic winds, or tornado length
multiplied by width) with the spatial extent and orientation controlled by the simulated path
lengths, widths, and azimuths.
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Figure 6: 10,000 randomly generated longitude, latitude points on the surface of the earth.
Panel (a) indicates the clustering of points near the poles which results from simple uniform
random generation, while Panel (b) illustrates the spatially correct random points.
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3.4.7 Cost extraction
The cost extraction portion of the model begins with the second step in the edge
correction process by clipping spatially the tornado polygons using the original, user-defined
study region. The next step employs the user-provided raster cost surface to assess tornado
impact. Prior to running the model, the user must provide the raster cost surface on which the
TorMC model will calculate zonal statistics (i.e., the summarization of geospatial raster datasets
based on vector geometries) using the generated tornado footprint polygons. The model
accommodates any type of raster cost surface (continuous or categorical) as long as the user
defines a cost field within the raster. The zonal statistics portion of the model permits a variety of
statistical calculation options (e.g., mean, sum, etc.). If the user provides a raster cost surface of
gridded population, a sum statistic option computes a zonal statistic representing the total
number of people affected by each tornado path.
The user has the option to apply different types of cost-extraction techniques—e.g.,
“centroid within” and “intersect” (Figure 7). These methods affect the zonal statistics calculation
for each tornado footprint. The centroid within extraction method calculates zonal statistics
solely for those raster cells where the tornado footprint intersects the centroid of the cell, while
intersect extraction technique includes all raster cells that are touched by a tornado footprint in
zonal statistics calculation. Although not a part of this TorMC iteration, the “completely within”
and “areal weight” techniques provide additional means of cost extraction. The completely
within method includes all raster cells that are contained within the bounds of the tornado
footprint. The areal weight (AW) method (Schlossberg 2003; Balk 2005; SEDAC 2011; Ashley
et al. 2014) provides a more accurate measure of tornado costs, especially for those grid
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Figure 7: Illustration of centroid within, intersect, completely within, and areal weighted (AW)
cost-extraction techniques. The grid cells represent the cost surface with black dots comprising
the centroid of each cell, and the non-shaded rectangle signifies a potential tornado footprint.
Shaded grid cells indicate those grid cells that would be included in the tornado cost calculation
during each type of cost-extraction method (after Schlossberg 2003).
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cells along the edges of the tornado footprint. Where a tornado footprint transects portions of
grid cells, cost tallies (e.g., HUs) are adjusted based on the areal fraction of the grid cells affected
(Figure 7). For example, if a tornado path bisects a grid cell representing 100 HUs, then the total
number of HUs impacted by the tornado in that grid cell is 50 (i.e., 0.50 x 100 HU = 50 HUs).
This process is then repeated for all grid cells that the tornado footprint traverses. Each cost
extraction technique is heavily influenced by the spatial resolution, or cell size, of the raster cost
surface. For instance, a raster surface with low spatial resolution in combination with the
centroid method would result in an underestimate in tornado costs. In general, a raster with a
high spatial resolution will lead to superior estimates of impact.
3.4.8 Model output
The TorMC model yields both .shp and .csv files representing the TorMC geodataframe
with various simulation data fields. Fields generated include: unique tornado field identifier
(FID), projected footprint polygon geometry, starting latitude and longitude, ending latitude and
longitude, path length (km) and width (km), azimuth (degrees), magnitude (0-5), simulation year,
and zonal statistics.

3.5 TorMC model application
3.5.1 Model Performance
To illustrate the model’s reliability and performance, a simulation consisting of 10,000
years of significant tornadoes across the state of Oklahoma was conducted initially. Significant
tornadoes were simulated since they have been responsible for 98.8% of all tornado fatalities and
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a majority of tornado damage since 1950 (Simmons and Sutter 2007; Ashley 2007). In addition,
significant tornado event frequency has remained consistent since 1950, while non-significant
tornado event frequency has risen substantially due to nonmeteorological influences (e.g.,
Doswell 2007). Oklahoma is a suitable candidate for examining model performance due to its
elevated significant tornado risk and relatively large population centers exposed to this risk (e.g.,
Oklahoma City, Tulsa, etc.). After testing a variety of simulation lengths, 10,000 years was a
period of record that produced functional, yet computationally efficient, output. The 10,000 year
significant tornado simulation was coupled with a gridded, fine-scale (100-m) residential builtenvironment cost surface representing HUs across Oklahoma in the year 2010. The HU cost
surface is derived from the Spatially Explicit Regional Growth Model (SERGoM; Theobald
2005), which employs a variety of geospatial data such as waterbodies, protected areas, Census
block population, road density, etc., to determine HU density at the 100-m scale in the
conterminous U.S. SERGoM data accuracy and reliability were measured using a hindcast
technique, with the model comparable to Census data (Theobald 2005).
Tornado counts from 1954 to 2014 were considered, while tornado widths were modelled
using the Weibull parameters outlined by Brooks (2004). Tornado lengths, azimuths, and
magnitudes were selected using a bootstrap sampling technique on the observed tornado data.
For this particular study, a random tornado touchdown probability coupled with the intersect
cost-extraction method was utilized although it may remove any potential climatological patterns
of tornado occurrence and attributes. However, a potential benefit in using this tornado
placement technique is that it avoids tornado reporting bias that may be, in part, due to
population density (e.g., Doswell et al. 2005). This bias is evident when comparing observed
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significant tornadoes (Figure 8a) to the randomly chosen 61 simulation years (Figure 8b). In this
case, clustering of significant tornado footprints around the Oklahoma City Metropolitan area is
apparent in the observed historical tornado data, while the TorMC simulated footprint placement
illustrates a random pattern.
Over the 10,000 year simulation, the TorMC model generated 116,045 significant
tornadoes, with 73.8% EF2, 20.6% EF3, 5.1% EF4, and 0.6% EF5 tornadoes (Table 2).
Simulated percentages of tornadoes by EF magnitude are similar to those from Oklahoma’s
observed record from 1954 to 2014 (i.e., 71.6% EF2, 21.2% EF3, 6.3% EF4, and 0.9% EF5).
The model produced a mean (median) of 11.6 (10) significant tornadoes per year over the 10,000
year simulation with a violent tornado occurring every 1.5 years (Table 3). This represents a
66% chance a violent tornado will traverse Oklahoma in a given simulation year. A random
sample of 61 years was chosen from the 10,000 year simulation (sample period) and compared to
the observed tornado data 1954 to 2014 (observed period). Comparisons between the sample
and observed record revealed a consistent median number of significant tornadoes per year (11),
while the mean number of significant events per year was 14.6 and 12.1 for the observed and
sample periods, respectively. The differences between the randomly sampled 61 simulated years
and observed years is attributed to the year-to-year variability of simulated significant tornado
counts. The percentages of tornadoes by EF magnitude for the observed (71.6% EF2; 21.2%
EF3; 6.3% EF4; 0.9% EF5) and sampled (73.2% EF2 21.0% EF3; 4.3% EF4; 1.5% EF5) periods
are also similar revealing that the TorMC model is mirroring that of the observed data.
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Figure 8: Panel (a): Observed SVRGIS significant (EF2+) tornado footprints from 1954 to 2014
(dark black lines) with the SERGoM total number of housing units (HU) per hectare in 2010 for
the state of Oklahoma. Panel (b) as in Panel (a), but with a random 61 years of simulated
significant tornado footprints. Panel (c) as in Panel (a), except with the TorMC’s ten highest
annual HU impact years. The period of 61 years was selected because that was the temporal
range of observed historical events used during the TorMC simulations.
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Table 2: Significant and violent tornado attributes from the 10,000 year TorMC model
simulation for the state of Oklahoma. Tornado EF magnitude, count, mean annual count,
mean length, mean width, mean azimuth are denoted.
Mean Annual
Mean
Mean
Mean Azimuth
Magnitude
Count
Count
Length (km) Width (m)
(degrees)
85,645
8.56
12.01
122.44
66.89
EF2
23,846
2.38
25.64
262.45
66.08
EF3
5,919
0.59
51.19
457.40
67.21
EF4
635
0.06
63.87
551.45
67.58
EF5
11.60
17.09
170.64
66.74
EF2+ (Sig.) 116,045
6,554
0.66
52.42
466.51
67.25
EF4+ (Vio.)

Table 3: TorMC model results from a 10,000 year simulation of significant tornadoes atop
the state of Oklahoma. Tornado event EF magnitude, return period, annual occurrence
probability, mean number of HUs affected by a given tornado, and the mean number of
HUs impacted by all tornadoes in a simulation year are indicated.
Return Period Annual Occurrence Mean Tornado Mean Annual
Magnitude*
(years)
Probability
Impact (HU)
Impact (HU)
0.12
8.56
24.53
210.07
EF2
0.42
2.38
73.62
175.56
EF3
1.69
0.59
205.84
121.84
EF4
15.75
0.06
306.76
19.48
EF5
0.09
11.60
45.41
526.94
EF2+ (Sig.)
1.53
0.66
215.62
141.32
EF4+ (Vio.)
*Given the distribution of tornadic winds within a footprint, only a small percentage of the total HUs affected by the
tornado footprints are subject to significant or violent tornado wind speeds (e.g., Strader et al. 2015a).
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The 10,000 year Oklahoma simulation generated a mean significant tornado length and
width of 17.1 km and 170.6 m, respectively (Table 2). Compared to the observed data, and, as
illustrated in Brooks (2004) and Strader et al. (2015a), tornado length and width typically
increase as EF magnitude escalates. Mean tornado lengths for significant tornadoes ranged from
12 km (EF2) to 63.9 km (EF5), while mean tornado widths varied from 122.4 m (EF2) to 551.5
m (EF5). All simulated mean tornado lengths by EF magnitude are within five kilometers of the
corresponding empirically sampled data. Mean simulated tornado path widths by EF magnitude
are all within five meters of the Brooks (2004) mean modelled tornado widths by EF magnitude
(cf. Figure 2 in Brooks 2004). Simulated tornado azimuths closely resemble those of the sample
observed tornado data with the mean simulated path azimuth for all significant tornado paths at
66.7 degrees (slightly west of southwest to east-northeast), which aligns with observed azimuths
found in the South Central U.S. region (cf. Figure 5 in Suckling and Ashley 2006).
Using the 2010 SERGoM cost surface, the mean (median) number of HUs affected by a
single significant tornado footprint is 45.4 (2.2) HUs (Table 3). Mean HU impacts are much
larger than median impacts because the rare and “extreme” distribution nature of the TorMC
POE curves (Figure 9). Since a majority of tornadoes do not traverse developed landscapes (e.g.,
people and HUs) mean HU impacts are much more influenced by high-end (POE < 0.1)
simulation years compared to the median. Because of this reason, the median HU impacts is a
more desirable central tendency metric because of the reduced influence of high-end tornado
impact years.
Similar to the TorMC length and width results, as EF scale magnitude increases, the
mean number of HUs impacted by a tornado footprint amplifies. Violent tornado footprints
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Figure 9: Panel (a): Probability of exceedance (POE) curve comprising a 10,000 year simulation
of the annual number of HUs affected by significant tornadoes throughout the state of Oklahoma.
Panel (b) same as in Panel (a), but Oklahoma (solid line), Illinois (dashed line), and Alabama
(dash-dot line) POE curves representing the annual number of HUs affected normalized by state
area (1,000 km2). Panel (c) as in Panel (b), but zoomed-in to highlight 20 annual HU impacts
and less.
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affected a mean (median) of 215.6 (25.1) HUs per tornado footprint. Because violent tornadoes
are, on average, longer-tracked and wider, they often affect an exponentially greater number of
HUs compared to non-violent tornadoes. In fact, ranking the tornado footprints by the number of
HUs they affected reveals that 20 out of the top 25 individual tornado impact values originated
from violent events. However, aggregating or grouping the individual tornado footprint costs to
an annual sum, indicates that significant tornadoes affect a greater number of HUs on average
(mean and median) over a given simulation year compared to violent tornadoes (Table 3). This
is attributed to the more frequent occurrence of EF2 and EF3 tornadoes compared to EF4 and
EF5 tornadoes. While tornado length and width play an important role in individual tornado
impacts, the annual number of HUs affected is more heavily influenced by significant tornado
frequency. For instance, TorMC modelled significant events affected a mean of 526.9 HUs per
simulation year, whereas violent footprints affected a mean of 141.32 HUs per simulation year. .
It should be noted although this TorMC simulation example employs significant tornadoes as a
measure of tornado exposure, regions that contain greater concentration of rural land (Oklahoma)
can lead to an underestimation in tornado intensity (e.g., Doswell et al. 2009) and/or counts (e.g.,
Brooks et al. 2003a). This is primarily attributed to the lack of people to witness and report a
tornado event, as well as an absence of damage indicators necessary for estimating tornadic
winds in rural areas (Doswell et al. 2009).
Statistical measures, such as POE curves, are often utilized to gauge the likelihood of
hazard occurrence by intensity or magnitude. A POE curve of annual HU impacts for the state of
Oklahoma in 2010 reveals that the mean (median) annual number of HUs impacted by
significant tornadoes is 526.9 (183.7) HUs (Figure 9). The difference between the mean and
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median values suggests that the mean is heavily influenced by simulation years where significant
tornadoes affected a large number of HUs. The maximum annual number of HUs impacted for
the 10,000 year simulation was 35,922. During this hypothetical year, a 2.6-km wide, 38.6-km
long, EF4 tornado traversed the Oklahoma City metropolitan area affecting over 34,884 HUs.
This particular simulated tornado contained a total footprint area of 100.36 km2, which is over
four times the impact size of the 2013 Newcastle-Moore EF5 footprint (23.6 km2). It also
impacted nine times as many HUs as the 2013 Newcastle-Moore tornado (3,829 HU). As
expected, simulation years where a significant or violent tornado footprint traversed highlypopulated areas resulted in a large number of annual HUs affected (Figure 8c). The standard
deviation of the annual HU impacts for all 10,000 simulation years is 1,130.2 and the coefficient
of variation is 214.5%, suggesting that the yearly impact sums are also highly variable.
3.5.2 Comparison of Alabama, Illinois, Oklahoma POE Measures
To demonstrate further model cost-extraction performance, POE curves for two
additional states (Alabama and Illinois) were created using the same TorMC model parameters
as the Oklahoma simulation (Figure 9). These states were chosen because of their relatively high
tornado risk and differing exposure character. This provides the opportunity to examine how
changes in risk and exposure manifest in tornado disaster potential for different geographical
regions. Oklahoma is situated in the heart of what is colloquially known as Tornado Alley (cf.
Brooks et al. 2003a; Dixon et al. 2011) where significant tornado occurrence is high (Smith et al.
2012; Tippett et al. 2015) and population density is largely clustered within a few metropolitan
areas. Alabama has a high significant tornado risk (Coleman and Dixon 2014) with elevated
tornado exposure due to relatively high population density compared to Oklahoma. Illinois
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features a mixture of the disaster constituents found in the other state samples, with a large
population density and moderate-to-high significant tornado risk. The three state POE curves
represent the TorMC simulated annual number HUs impacted by significant tornado footprints
per 1,000 km2 using a 2010 SERGoM HU cost surface (Figure 9). The POE curves are
normalized by their individual state areas (km2) to control for differences in state size.
The POE curves highlight the effects of tornado exposure (HU density and distribution)
and risk (significant tornado frequency, length, width, magnitude, etc.) on annual impact
probabilities. Oklahoma contained the greatest number of simulated significant events due to its
higher significant tornado occurrence compared to Illinois and Alabama (Table 4; Figure 10).
Additional annual HU impact statistics such as the median, 25th percentile, 75th percentile,
mean, standard deviation, and maximum annual number of HUs affected by significant tornadoes
capture underlying differences in state tornado risk and vulnerability, as well as the relative
contributions of each constituent to disaster potential. Comparing the three states, Oklahoma
contains the largest number of simulated tornadoes while Alabama encompasses the highest
mean annual simulated EF2+ footprint area. However, upon examining each state’s mean annual
number of HUs impacted per 1,000 km2, Illinois comprises the greatest (10.4) mean annual HU
impacts, followed by Alabama (7.16) and Oklahoma (2.93). This result suggests that although
some of the dissimilarities in annual HUs affected in each state can be attributed to different
tornado frequency and footprint risks (i.e., EF2+ tornadoes have affected 108.3 km2 per year on
average (mean) in Alabama from 1954 to 2014 compared to Oklahoma (101.3 km2) and Illinois
(42.5 km2)), a majority of the disparity in Alabama, Illinois, and Oklahoma tornado annual
impacts can be largely attributed to the overall number of 2010 HUs that are exposed to
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Table 4: The annual number of housing units (HU) impacted normalized by state
(Alabama, Illinois, and Oklahoma) area (1,000 km2) for 10,000 TorMC model simulations
using the 2010 SERGoM HU cost surface. The number of simulated significant tornadoes
normalized by state area (tornadoes per 1,000 km2), as well as the 25th percentile, median,
75th percentile, mean, standard deviation, and maximum annual number of HUs affected
per 1,000 km2 are represented.
Normalized
25th
75th
Standard
State
Median
Mean
Maximum
EF2+ count percentile
percentile
Deviation
643
1.14
3.48
8.57
7.16
12.40
445.53
AL
600
0.64
2.73
9.33
10.40
25.89
590.97
IL
641
0.29
1.02
3.04
2.93
6.26
198.42
OK

Figure 10: Panels (a)-(c) illustrate the percentage of total state developable area by land use
(LU) classification (rural (>16.18 hectares (ha) per HU); exurban (0.8-16.18 ha per HU);
suburban (0.1-0.8 ha per HU); and urban (<0.1 ha per HU); Theobald 2005; cf. Table 4)). The
size of each circle is scaled by total developed land area in each individual state.
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simulated significant tornado events in each state. For instance, Illinois contains more HUs
(4,132,154) than Oklahoma (1,903,946) and Alabama (2,293,091) because the very large and
densely populated Chicago metropolitan area in addition to a number of other smaller
metropolitan regions. Breaking down the total number of HUs by land use (LU) classification
reveals that Illinois contains approximately 2.2 million more HUs than Oklahoma and Alabama
in the urban and suburban LU classification (Table 5). The annual HU impact POE curves are
largely influenced by whether or not a state contains a highly populated metropolitan area with
large number of HUs. As illustrated by the Illinois curve (Figure 9), a region encompassing a
location with a large number of HUs has a tendency to “pull” the POE curve tail to the right
toward greater magnitude impact values. This results in more variability (i.e., higher standard
deviation) in annual significant tornado impact values. Those regions with relatively fewer HUs
cause the POE curve to “decay” much more quickly, effectively shifting the tail of the POE
curve toward lower magnitude impact values.
The differences in Alabama, Illinois, and Oklahoma mean annual HU impacts can be
explained largely by the variation in total number of HUs each state comprises and whether or
not a state contains a highly populated metropolitan area dominated by urban and suburban LU.
However, the 25th percentile and 50th (median) percentiles of the POE curves indicates how
rural and exurban LU influence tornado disaster potential (Tables 4 and 5; Figure 9). Although
Illinois has the greatest mean annual HU impacts compared to the other two states, Alabama has
the highest (3.48) median annual HU impacts. As exemplified in Figure 9c, the POE curve
associated with Alabama outpaces the Oklahoma and Illinois curves until approximately 6.5
annual HUs impacted per 1,000 km2 when the Illinois curve surpasses the Alabama curve. This
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effect can be attributed to the difference in Illinois and Alabama rural and exurban LU, or, more
generally, how the total number of HUs are distributed within all LU classes (Table 5). A large
majority (91.6%) of Illinois’ HUs are in the urban and suburban LU classification while only
8.4% are situated in rural or exurban development. However, 31.5% of the total HUs in
Alabama are classified as rural or exurban development type, suggesting that the spatial pattern
of Alabama’s residential built environment is much more dispersed than that of Illinois (Figure
9). Evidence of this pattern is also illustrated when investigating the percentage of total
developed area in relation to the percentage of total HUs by LU classification. Alabama, Illinois,
and Oklahoma all contain approximately the same percentages (96-99%) of rural and exurban
LU area, but Alabama has approximately 30% of its total 97% rural-exurban development in the
exurban classification compared to Illinois (10.2%) and Oklahoma (10.7%). The net effect of
this difference manifests in the total number of HUs in the exurban LU classification for each
state; Alabama has 32,000 and 41,000 more HUs in exurban than Illinois and Oklahoma,
respectively.
Overall, the comparison of the Alabama, Illinois, and Oklahoma POE curves show how
tornado risk plays minor role in annual HU impacts, while disaster severity and frequency is
more often controlled by exposure, or physical vulnerability, attributes. More specifically, the
magnitude of total population and HUs, as well as how it is distributed in geographic space,
determines tornado hazard consequences and disaster magnitude.
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Table 5: Developed land use classification for the 2010 SERGoM raster cost surface by state
(Alabama, Illinois, and Oklahoma). Total housing units (HU), percentage of total HU, total
developed area (km2), percentage of total developed area by land use (LU) developed
classification. LU classes are defined as rural (>16.18 hectares (ha) per HU); exurban (0.816.18 ha per HU); suburban (0.1-0.8 ha per HU); and urban (<0.1 ha per HU); Theobald
2005).
Total
Percentage
Percentage Total
State LU
Total HU
Developed Area Total Developed
HU
(km2)
Area
Rural
64,197
2.80
84,383
67.57
Exurban
657,708
28.68
37,763
30.24
655,165
28.57
2,447
1.96
AL Suburban
Urban
916,020
39.95
289
0.23
Total
2,293,091
100.00
124,882
100.00
Rural
98,969
2.40
117,642
86.09
Exurban
246,661
5.97
13,931
10.19
IL Suburban
710,965
17.20
4,216
3.08
Urban
3,075,558
74.43
873
0.64
Total
4,132,154
100.00
136,661
100.00
Rural
92,420
4.85
147,321
88.11
Exurban
332,987
17.49
17,991
10.76
OK Suburban
607,657
31.92
1,596
0.95
Urban
870,882
45.73
295
0.18
Total
1,903,946
100.00
167,203
100.00
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3.5.3 Incorporating and measuring spatiotemporal changes in tornado risk and exposure
Subsequent iterations and applications of the TorMC the model will encourage
stakeholders to assess how tornado disaster potential has changed or may evolve in the future
given continual development and potential changes in environments supportive of tornadoes. By
supplying the TorMC model with a risk surface weighted by future potential shifts in severe
weather environments (e.g., Trapp et al. 2007a; Diffenbaugh et al. 2013; Gensini and Mote
2014a, b) and/or those examining future population growth, development, or land use change
(e.g., Bierwagen et al. 2010), a more complete grasp of future tornado disaster potential in a
warming, and rapidly developing, world may be reached. The spatiotemporal comparison of
POE curves generated from historical risk and/or exposure surfaces and potential future risk
and/or exposure surfaces allows for the estimation of changes in future tornado impact potential,
frequency, and magnitude. This type of analysis is in line with the directives from the
International Panel on Climate Change (IPCC) Special Report on Managing the Risks of
Extreme Events and Disasters to Advance Climate Change Adaption (SREX) which calls for
research to improve the understanding of future climate risk and extremes. The development of
tools (i.e., non-stationary extreme value analysis methods), especially those at the small-scale,
supports efforts aimed at increasing knowledge about future climate events (Wilby 2007).

3.6 Conclusion and discussion of future improvements

As the tornado disaster landscape continues to change due to population growth,
residential and commercial development, and possible shifts in environments supportive of
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hazardous convective weather (Brooks 2013; Tippett et al. 2015), new tools for investigating the
potential consequences associated with the hazard are needed (van de Walle and Turoff 2007;
Pelletier et al. 2015). The TorMC model presented permits the assessment of tornado disaster
likelihood and severity in a region. Illustrations of the model revealed the tool’s capacity for
exploring and understanding how tornado risk and vulnerability comingle at a location to
produce disaster potential. This capability may assist emergency managers, planners, insurers,
and decision makers in their development of disaster mitigation, response, and recovery
strategies for their communities.
Meyer et al. (2002) and Daneshvaran and Morden (2007) paved the way for research
employing MC approaches in examining the tornado hazard and associated impacts on society.
The TorMC model incorporates elements from both Meyer et al. (2002) and Daneshvaran and
Morden (2007) to estimate tornado impacts and disaster potential for a region. Continued
development of the TorMC will be conducted by improving the model efficiency, incorporating
new and refined methods, and expanding model utility. As outlined in Meyer et al. (2002), one
cannot assume that real, small-scale tornado features are constant throughout the U.S. Although
the TorMC model captures regional variability in tornado risk attributes (e.g., frequency,
magnitude, length, width, azimuth, etc.), this process could potentially be improved as the
observed tornado record lengthens and new model techniques are implemented.
This iteration of the TorMC model only simulates theoretical tornado footprints that
represent potential worst-case tornado spatial dimensions (i.e., generated length multiplied by
width). Obviously, this is not the most accurate depiction of actual tornado coverage since
tornado intensity, width, and azimuth vary greatly as it traverses a landscape (Strader et al.
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2015a). Daneshvaran and Morden (2007) utilize a formula acquired from Twisdale et al. (1981)
to determine how tornado wind speed—and inferred damage intensity—fluctuates throughout its
life cycle. Similarly, future TorMC model iterations will integrate Tornado Intensity
Distributions (TID) from Strader et al. (2015a) in conjunction with a weighted “random walk”
method to better capture how tornado intensity, width, and azimuth change as the tornado
navigates a setting.
Future TorMC versions will be able to ingest vector cost surfaces, which will permit the
implementation of the areal weighting tornado cost-extraction method. This type of modularity
will enable the model to simulate events atop any type of spatial surface while also improving
tornado impact estimates at any spatial and temporal resolution. Since vector data are a primary
source of geospatial information, the integration of this data structure will enhance the overall
applicability and versatility of the model.
The SPC has issued probabilistic severe weather forecasts since 2000, and has a number
of directives aimed at estimating potential severe weather impacts on society (e.g., Smith et al.
2015a). Recent forecasting methods tested at the National Oceanic and Atmospheric
Administration Hazardous Weather Testbed have illustrated the effectiveness of probabilistic
forecasting techniques for severe convective weather (Karstens et al. 2015; Smith et al. 2015b).
Many of the TorMC model methods and techniques could be integrated into ongoing researchto-operations initiatives at the SPC to improve probabilistic societal impact estimation,
resolution, and confidence. In order to make this possible, improving the functionality and
accuracy of the TorMC for shorter than annual time periods (i.e., seasonal, monthly, weekly, and
daily) is needed. Such processes will require both subjective user (e.g., forecaster) input and
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testing, as well as the continued advancement in research employing numerical forecast guidance
(e.g., proxy severe weather reports using the National Center for Environmental Prediction’s
(NCEP) High Resolution Rapid Refresh (HRRR) model; Trapp et al. 2011a; Gensini and Mote
2014a) to approximate fine-scale, local severe weather occurrences.
The TorMC model has a number of potential applications beyond this initial
investigation. The methods and techniques used in the development of the model could be
expanded to a variety of other geophysical hazards such as severe non-tornadic wind, hail,
tropical cyclones, flooding, volcanic eruptions, earthquakes, etc., to improve overall
understanding of how these hazards interact with and impact society. Because of this
applicability, future work regarding the TorMC model choices and implications will be
illustrated through a user guide or manual. This manual will enable users to efficiently and
better utilize the TorMC model in their own research.
Models employing similar computational strategies to the TorMC may spur disaster
mitigation and response strategies at the local, state, and national scales. The adaption,
improvement, and enforcement of land planning policies could increase resilience while reducing
hazard risk (e.g., Mann et al. 2014; IPCC 2014). For example, the implementation of tornado
safe rooms or tornado shelters and adaption of building codes may enhance tornado survivability
and decrease disaster consequences in tornado prone areas (Simmons and Sutter 2007; Prevatt et
al. 2012; Simmons et al. 2015). Restricting new development near uncertain and dynamic
floodplains (Patterson and Doyle 2009), seismically and volcanically active areas (Strader et al.
2015b), locations prone to wildfires (Bryant and Westerling 2014; Mann et al. 2014), regions
subject to tropical cyclone hazards and sea-level rise (Pielke et al. 2008; Maloney and Preston
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2014), etc., may reduce disaster losses. As decision makers, emergency managers, and land use
planners actively incorporate disaster potential into their policies and strategies and, moreover,
invest in those strategies, hazard impacts could be decreased and potential disasters averted.
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CHAPTER 4
OBSERVED AND FORECAST CHANGES IN UNITED STATES TORNADO EXPOSURE

4.1 Abstract

This study examines how tornado risk and societal exposure interact to create tornado
disaster potential in the United States. Fine-scale historical and forecast demographic data are
used in a set of region-specific, Monte Carlo tornado simulations to reveal how societal
development has shaped, and will continue to shape, tornado disaster frequency and
consequences. Results illustrate that, although the U.S. Midwest contains the greatest builtenvironment exposure and the Central Plains experiences the most significant tornadoes, the
Mid-South contains the greatest tornado disaster potential. This finding is attributed to the
relatively elevated tornado risk and accelerated growth in developed land area that characterizes
the Mid-South region. Disaster potential is forecast to amplify in the United States due to
increasing built-environment development and its spatial footprint in at-risk regions. In the four
regions examined, both average annual tornado impacts and associated impact variability are
projected to be as much as 6 to 36 times greater in 2100 than 1940. Extreme annual tornado
impacts for all at-risk regions are also projected to nearly double during the 21st century,
signifying the potential for greater tornado disaster potential in the future. The key lesson is that
it is the juxtaposition of both risk and societal exposure that drive disaster potential. Mitigation
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efforts should evaluate changes tornado hazard risk and societal exposure in light of land use
planning, building codes, and warning dissemination strategies in order to reduce the effects of
tornadoes and other environmental hazards.

4.2 Introduction

Increasing trends in weather-related disasters and losses are a function of climate and
society (Changnon et al. 2000; Bouwer 2011; IPCC 2012). Much of the research investigating
the amplification in disaster consequences has focused on possible changes in hazard risk
resulting from anthropogenic climate change (Peterson et al. 2013; Kunkel et al. 2013; NAE
2016). While hazard risk is an important component of disasters, the sustained increase in
hazard consequences is thought to be driven principally by the growth in underlying human and
built-environment vulnerabilities and increasing wealth (Pielke 2005; Höppe and Pielke 2006;
Bouwer 2011; IPCC 2012; Preston 2013; IPCC 2014; Mohleji and Pielke 2014; Ashley et al.
2014; Strader and Ashley 2015).
Many studies have focused on the spatiotemporal characteristics of tornado risk and/or
vulnerability (e.g., Brooks et al. 2003a; Dixon et al. 2011; Ashley et al. 2014; etc.). Early
research (Finley 1887; Wolford 1960; Thom 1963) on tornado risk were created without regard
to tornado intensity and seasonality (Brooks et al. 2003a); but, in the 1970s and 1980s major
changes in tornado climatology research—such as the inclusion of damage magnitude and spatial
attributes of paths—permitted a broader assessment of tornado characteristics and their climate
(e.g., Abbey and Fujita 1975, 1979; Fujita 1981; Schaefer 1986). More recent research (e.g.,
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Brooks et al. 2003a; Dixon et al. 2011; Elsner et al. 2014; Brooks et al. 2014; Farney and Dixon
2015) analyzing tornado risk has used Storm Data, which is a database developed by the
National Climatic Data Center and the NWS that contains attribute information on path length,
width, and maximum damage rating for every tornado segment within a county (Edwards et al.
2013). These studies have examined a spectrum of tornado risk attributes such as tornado
occurrence (Brooks et al. 2003a; Dixon et al. 2011; Elsner et al. 2014), economic impact
(Daneshvaran and Morden 2007; Simmons et al. 2013), and daily or seasonal timing (Brooks et
al. 2003a; Dixon et al. 2011).
Additional research (e.g., Rae and Stefkovich 2000; Wurman et al. 2007; Hall and Ashley
2008; Paulikas and Ashley 2011; Ashley et al. 2014; Rosencrants and Ashley 2015; Ashley and
Strader 2016) has focused on societal exposure to tornadoes rather than tornado risk. These
studies often use enumerations of people and/or the built environment (e.g., number of homes,
structures, etc.) to evaluate the potential effects of a tornado hazard. Results from these studies
demonstrate that ever-increasing population growth leads to the more frequent placement of
people and their assets in harm’s way (Changnon and Burroughs 2003; Wilson and Fischetti
2010; Paulikas and Ashley 2011; Burkett and Davidson 2012; Ashley et al. 2014; Ashley and
Strader 2016). Due to advancements in computing technology and software, methodologies and
models have been developed to estimate potential impacts and losses from tornadoes in
populated locations (Rae and Stefkovich 2000; Wurman et al. 2007; Ashley et al. 2014; Strader
et al. 2016). Using geographic information systems (GIS), these studies often place highlydetailed damage surveyed tornado paths or their likeness (e.g., Wurman et al. 2007; Ashley et al.
2014; Strader et al. 2014a; Strader et al. 2016) atop developed areas to estimate potential hazard
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effects and disaster potential. Additional research has attempted to measure the change in
tornado exposure through time using a variety of statistical and spatial techniques (Hall and
Ashley 2008; Paulikas and Ashley 2011; Ashley et al. 2014; Ashley and Strader 2016; Strader et
al. 2016). To date, only a handful of studies have examined changes in future tornado risk
(Trapp et al. 2007; Trapp et al. 2011; Diffenbaugh et al. 2013; Robinson et al. 2013; Gensini and
Mote 2014b) or exposure (Preston 2013; Rosencrants and Ashley 2015) employing a variety of
projected climate, environmental, population, and socioeconomic data.
In this investigation, I seek to further research on U.S. tornado exposure by evaluating
how human development has augmented disaster potential and, moreover, how forecast changes
in exposure may influence disaster frequency and consequences in the future. The tornado
hazard and regional tornado risk are used in conjunction with historical and projected builtenvironment data in a new statistical resampling framework to assess changing disaster potential.
Because many terms (e.g., risk, vulnerability, etc.) in hazard science contain a multitude of
designations and meanings (Paul 2011), I employ the basic climatological definition of risk
which represents the probability of a hazard occurring in space and time with varying
characteristics (e.g., tornado width, length, magnitude, direction, etc.). This study also focuses
on residential built-environment exposure. Vulnerability is multifaceted, and often includes
physical and human exposure elements (e.g., built environment, population and other
demographics), adaptive capacities (i.e., how an entity copes or adapts to a hazard), and
sensitivities (i.e., the degree to which an entity is affected by a hazard; Cutter et al. 2009; Morss
et al. 2011). While the focal point of this study is narrow within a complex, multi-layered
vulnerability framework, residential built-environment data provide a tangible and robust marker
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for assessing how societal development has evolved and will evolve in areas prone to tornado
impacts.

4.3 Data and methodology
4.3.1 Spatially Explicit Regional Growth Model (SERGoM) data
Previous studies have primarily used U.S. decennial census data to investigate societal
exposure to tornadoes (e.g., Wurman et al. 2007; Hall and Ashley 2008; Ashley et al. 2014).
Because U.S. decennial census’ geographical units of aggregation vary from one census to
another at fine spatial scales (e.g., block-level data; Cai et al. 2006), results from previous
investigations have been temporally and spatially restricted. However, these issues have been
addressed and controlled for by the Spatially Explicit Regional Growth Model (SERGoM;
Theobald 2005). The SERGoM model produces gridded, decadal, fine-scale (100-m resolution)
historical housing unit (HU) density estimates across the conterminous U.S. Model accuracy
was measured by employing a hindcast technique in conjunction with U.S. Census Bureau
historical population and HU metrics (Theobald 2005). Cross-validation results between the
hindcast and U.S. Census Bureau metrics indicated that SERGoM HU estimations performed
well with accuracies ranging from 80% to 91% (Theobald 2005).
4.3.2 Integrated Climate and Land Use Scenarios (ICLUS) and Special Report Emissions
Scenarios (SRES) data
More recently, the Integrated Climate and Land Use Scenarios (ICLUS) research group
has coupled the Intergovernmental Panel on Climate Change (IPCC) Special Report Emissions
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Scenarios (SRES) A1, A2, B1, and B2 forecasts with the SERGoM model to estimate future HU
density and population (Bierwagen et al. 2010). The ICLUS group modified HU projections by
varying the SERGoM baseline county population growth rates, household size (i.e., the number
of people in a single HU), and travel time to urban centers by the four primary SRES storylines
(EPA 2009; Bierwagen et al. 2010). The A2 SRES scenario is the most aggressive HU and
population projection where steadily increasing development rates drive 21st century economic
regional growth. The B1 scenario is similar to the A1 storyline but with a greater emphasis on
the environment and sustainable economic growth with slowly decreasing growth rates. The B2
storyline illustrates a regionally-oriented landscape with moderate population growth, as well as
a focus on local solutions to environment and economic issues and consistent growth rates. A
fifth, base case (BC), scenario sets all model parameters (e.g., travel time, migration, etc.) to
“medium”. This storyline is intended to represent a “middle-of-the-road” population and HU
growth scenario.
Our research utilizes the HU as the principal measure of residential exposure to tornadoes
because it is the primary underlying metric derived in the SERGoM-ICLUS model.
Additionally, the HU provides a reasonable measure of societal exposure to tornadoes given HU
counts are temporally more stable than population counts (Theobald 2005) and 70% of all
tornado deaths (2003-2013) occur in residential housing (Ashley and Strader 2016).
4.3.3 Tornado Impact Monte Carlo (TorMC) model
Properly examining societal exposure to tornadoes is often problematic due to small
sample size (i.e., approximately 65 years of observed tornado data), data inaccuracy and bias,
and relatively rare event occurrence in the observed tornado record (Brooks et al. 2003a;
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Doswell 2007). In addition, historical extremes in tornado characteristics (e.g., length, width,
counts, etc.) may not have been observed, or sampled, during the last 65 years of recorded data
(Meyer et al. 2002; Doswell 2007; Strader et al. 2016). Nonetheless, a potential solution, or
control for some of these issues, is to utilize Monte Carlo simulation. Monte Carlo simulation is
numerical modeling method that utilizes repeated random sampling to obtain the distribution of
an unknown probabilistic entity (Mooney 1997). Monte Carlo simulation comprises two unique
attributes: iteration and randomness. These two characteristics allow Monte Carlo simulations to
provide probabilistic solutions about likely ‘best case’ and ‘worst case’ outcomes. Monte Carlo
simulation yields a larger “window” of tornado event outcomes based on the historically
observed tornado data (Meyer et al. 2002; Strader et al. 2016). This study employs the Tornado
Impact Monte Carlo model (TorMC; Strader et al. 2016), which can simulate thousands of
tornado paths and estimate their potential impacts on an underlying exposure cost surface. For
this particular research, we define “HU impacts” as the sum number of housing units that a
simulated tornado intersects. Specifically, the individual conterminous U.S. SERGoM-ICLUS
HU decadal surfaces from 1940 to 2100 are used in conjunction with the spatially explicit
TorMC model to estimate changes in tornado impact potential and societal exposure from 1940
to 2100 (by SRES and BC scenarios) in equal-area, at-risk tornado regions in the U.S. (Central
Plains, High Plains, Mid-South, and Midwest; Figure 11). Two of these regions, the Central
Plains and High Plains, were chosen because they are geographically positioned in an area that
that contains some of the highest mesocyclone supportive environments and tornado frequencies
in the world (c.f. Brooks et al. 2003a; Gagan et al. 2010; Dixon et al. 2011; Marsh and Brooks
2012; Dixon and Mercer 2012; Smith et al. 2012; Tippett et al. 2015). In addition, the Central
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Figure 11: The total number of housing units (HU) per hectare for 1940, 2000, 2050 (using A2
SRES scenario), and 2100 (A2) for the Central Plains (CP), High Plains (HP), Mid South (MS),
and Midwest (MW) with color denoting land use classification defined as rural (>16.18 hectares
(ha) per HU); exurban (0.8-16.18 ha per HU); suburban (0.1-0.8 ha per HU); and urban (<0.1 ha
per HU; after Theobald 2005).
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and High Plains domains are characterized as largely rural landscapes with few highly developed
urban areas. The Mid-South was selected because it represents an area that contains a relatively
high tornado frequency (Ashley 2007; Coleman and Dixon 2014; Ashley and Strader 2016)
intersecting a comparatively developed landscape and, in addition, is an area that has high
tornado vulnerability and mortality (Ashley 2007; Ashley and Strader 2016). Lastly, the
Midwest domain was chosen because it signifies a geographic region that is highly populated but
contains a slightly lower tornado frequency compared to the other three regions. Overall, by
examining alterations in tornado impact metrics from each simulation over time and across
geographic space, changes in societal exposure to tornadoes and disaster potential for the regions
can be approximated.
A detailed description of the TorMC model methods, steps, and verification is discussed
in Strader et al. (2016) and summarized in Table 6. In general, the TorMC model encompasses
four steps: 1) study region and model parameter definition; 2) tornado footprint generation; 3)
tornado path cost calculation; 4) output production (Strader et al. 2016). For this specific
examination, the TorMC model was used to simulate 10,000 replicate years of significant—i.e.,
EF2 or greater magnitude—tornado footprints (i.e., tornado path length by path width, which
represents the hypothetical maximum extent of tornadic winds) within each study region. The
simulation epoch of 10,000 replicate years represents a trade-off of computational efficiency
with precision (distributional smoothness) in modeled output. Significant tornadoes were
selected because they have been responsible for 99% of all tornado fatalities and 75% of the
reported damage since 1950 (Ashley 2007; Simmons and Sutter 2011). Moreover, significant
tornado frequency has remained relatively consistent since 1950, while non-significant annual
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Table 6: TorMC model parameters, descriptions and purposes.
TorMC
model
Modification Type Description and Purpose
component
Area of interest in which to simulation tornado
Study Area
Input
footprints and extract costs
Buffer
Distance to buffer study area. Starts the edge-effect
Input
distance
removal process (c.f., Figure 2 in Strader et al. 2016)
Buffer
Action Execute buffer
Buffer study
New buffered simulation area that sets the geographic
Input
area
bounds of where to simulate tornado footprints
Tornado
Observed historical data ingested into the TorMC to
Input
Data
determine tornado footprint attributes, counts, etc.
Mag. Range
Input The range of tornado magnitudes (0-5) to simulate
Sim. years
Input How many years of tornado footprints to simulate
Magnitude Choice The magnitudes of each simulated tornado footprint
Azimuth
Choice The azimuths of each simulated tornado footprint
Length
Choice The lengths of each simulated tornado footprint
Sampling
Width
Choice The widths of each simulated tornado footprint
Methods
The geospatially weighted or un-weighted touchdown
Touchdown
Choice probability that informs the TorMC model where to
Probability
place the tornado footprints
Creation of the randomly generated tornado
Random
Action footprints based on empirical and/or modeled
Sampling
distribution sampling methods
Tornado
Geographic placement of each randomly generated
Action
Placement
tornado footprint based on the touchdown probability
Clip
Clips the tornado footprints by the original study area
Action
Footprints
to complete the edge-effect removal process
Raster Cost
User-defined cost surface used in conjunction with
Input
Surface
simulated tornado events to estimate tornado impacts
Centroid
Choice
Within
Intersect
Choice
CostMethods that determines whether a tornado affected a
Extraction
Completely
Choice cost surface grid cell
Methods
Within
Areal
Choice
Weight
Model
Action Generate TorMC model output
Output
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tornado frequency continues to increase due to nonmeteorological influences (Verbout et al.
2006; Brooks et al. 2003a; Doswell 2007).
The TorMC model requires some additional parameter choices prior to simulation
(Strader et al. 2016). For this study, only those historical observed tornado counts from 1954 to
2014 in each corresponding region are sampled due to the underreporting of tornadoes prior to
the establishment of National Severe Storms Forecast Center in the early part of the 1950s (Agee
and Childs 2014). Weibull parameters from Brooks (2004) are used to simulate significant
tornado widths by EF-scale magnitude, while lengths, azimuths, and magnitudes are selected
using a bootstrap, or random sampling with replacement, technique on each region’s observed
historical tornado data from 1954 to 2014.
This study uses the TorMC’s random tornado touchdown probability method to
determine tornado placement and costs. The random tornado touchdown method ensures that the
tornado starting point likelihood or probability is equal for all locations within the simulation
study region (see Fig. 5b in Strader et al. 2016). Although this random tornado touchdown
technique removes any potential climatological and/or environmental patterns in regional
tornado occurrence, it does help avoid population density induced reporting bias often found in
historical tornado data (e.g., Grazulis 1993; Brooks et al. 2003a; Doswell et al. 2005; Anderson
et al. 2007; Elsner et al. 2013; Strader et al. 2015a). Once 10,000 replicate years of significant
tornado footprints have been simulated atop the region of interest, the TorMC model assesses
each tornado footprint’s HU impact on the underlying exposure cost surface. An “intersect”
cost-extraction technique was employed to calculate tornado-HU impacts by including all cost
surface grid cells that are intersected by simulated tornado footprints (see Fig. 4 in Strader et al.
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2016). The TorMC model output provides the unique tornado field identifier (FID), footprint
polygon geometry, starting latitude and longitude, ending latitude and longitude, path length
(km) and width (km), azimuth (∘), magnitude (0–5), simulation year, and HU impacts. Lastly,
each simulated tornado-HU impact value is grouped by its simulation year and summed to
provide a regional estimate of annual HU impacts by significant tornadoes. This method
provides a robust approximation of regional tornado disaster potential and societal exposure to
tornadoes.
It should be noted that although recent studies have suggested that future severe weather
environments may alter the spatiotemporal characteristics of tornadoes during the 21st century
(Trapp et al. 2007; Diffenbaugh et al. 2013; Gensini and Mote 2014b), this study assumes no
future change in significant tornado risk in order to isolate the effects of societal exposure on
future tornado disaster potential.
4.3.4 Probability of exceedance and descriptive statistics
To illustrate changes in regional tornado exposure and disaster potential, probability of
exceedance (POE) curves and descriptive annual tornado impact statistics were employed. In
general, four primary descriptive metrics (median, mean, standard deviation, and 95th percentile)
are employed to characterize changes in regional tornado exposure, disaster potential, and annual
impact POE. Given the rare occurrence of tornadoes and associated disasters, POE curves and
the impacts associated with tornado events resemble an extreme value distribution (e.g., Weibull,
Gamma, etc.). While the mean is commonly used to highlight a distribution’s central tendency,
the median serves as a standard measure of central tendency that is most useful when there are
extreme outliers within the distribution. The standard deviation is used as a mechanism for
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determining annual tornado impact variability, and the 95th percentile of annual tornado impacts
are used to examine high-end tornado impact years and disaster potential. Lastly, the POE curve
shape and scale provides a graphical representation of annual tornado impact statistics for each
at-risk region. Relative differences in tornado impact descriptive statistics and POE curve
characteristics capture changes in tornado exposure, estimated impacts, and disaster potential
across spatiotemporal extents (Strader et al. 2016).
POE curves represent the total number of HUs impacted by significant tornadoes in a
given simulation year for a particular SERGoM-ICLUS decadal cost surface ranging from 1940
to 2100 (by SRES and BC scenarios). The primary reason for generating annual HU impact
POE curves per cost surface is to provide insight on how the distribution of HU impacts has
changed and may change in the future based on a range of socioeconomic pathways. This study
considers historical time periods as the decades of 1940 through 2000 and projected time periods
to be those years from 2010 to 2100. This approach was chosen because the ICLUS 21st century
HU forecast model was initialized with 2000 Census and other physical attribute data (EPA
2009); thereafter, the ICLUS modeled local growth rates, accessibility to urban centers, travel
time, household size, etc. were modified consistent with the SRES projections.

4.4 Results
4.4.1 Tornado impact measures of central tendency
Tornado impact measures of central tendency represent the expected regional total
number of HUs affected by tornadoes in a given simulation year for a particular decadal cost
surface. As expected, all at-risk U.S. regions are projected to undergo an increase in tornado
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exposure and impact potential in the future century (Table 7; Figure 12-16). The Mid-South has
the greatest absolute and relative change in the number of HUs potentially impacted for a
majority of the past (1940-2000) and future (2010-2100) periods (Table 7; Figure 12C). From
1940 to 2000, the median number of Mid-South HUs impacted by significant tornadoes per
simulation year grew by 2,185 HUs, or a 1,543% increase; whereas, across the entire 160-year
study period, median HU impacts are forecast to increase by as much as 2,867% under the A2
scenario (Table 7). Forecast HU impacts in the Mid-South are influenced largely by the A2
storyline’s high domestic migration from the northern U.S. to the Mid-South (i.e., coastal area,
mountainous areas, and warmer climates are attracting affluent and/or retired individuals;
Manson and Groop 2000). This effect results in higher Mid-South population growth rates and
an overall greater change in the region’s HUs throughout the 21st century compared to all other
domains (Table 8). Contributing to this rapid change in tornado impacts are the notable losses in
rural land area and corresponding growth in sprawling exurban and suburban land development
morphologies that have characterized, and will continue to characterize, the Mid-South.
The Midwest exemplifies the second greatest absolute change in estimated tornado
impacts from 1940 to 2100 (Table 7). The Midwest’s median (mean) annual number of HUs
impacted is expected to increase as much as 918% (779%), or 3,258 (5,400) HUs, during the
160-year study period (Table 7; Figure 13A and 13B). A majority of the growth in Midwest HU
impacts occurred during the historical portion of analysis where the median number of HUs
affected by significant tornadoes inflated 493% (Figure 13A). This rapid change in tornado
impact potential is a result of enhanced population and HU growth that characterized the U.S.
following World War II (i.e., “Baby Boom” and post-1940s suburbanization). Although the
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Table 7: Absolute and percentage change in tornado impact
descriptive statistics (median, mean, standard deviation, 95th
percentile) from 1940 to 2100 by region.
Descriptive
2100
Abs.
%
1940
Statistic
(A2)
Change Change
208.9
2742.4
2,534
1,213
Median
354.2
5314.6
4,960
1,400
Mean
Central
Plains Standard Dev. 515.0
8128.8
7,614
1,478
th
1,480
95 Percentile 1154.9 18242.8 17,088
3.8
46.0
42
1,101
Median
29.0
648.3
619
2,139
Mean
High
Plains Standard Dev. 158.2
2470.5
2,312
1,462
th
2900.0
2,793
2,608
95 Percentile 107.1
141.7
4203.2
4,062
2,867
Median
233.4
7744.4
7,511
3,219
Mean
MidSouth Standard Dev. 327.5 11834.8 11,507
3,514
th
3,468
95 Percentile 722.1 25762.0 25,040
355.0
3612.6
3,258
918
Median
692.9
6092.4
5,400
779
Mean
Midwest
6,280
552
Standard Dev. 1137.1 7417.0
757
95th Percentile 2392.6 20507.8 18,115
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Figure 12: Probability of exceedance (POE) curves representing the annual number of housing
units (HU) potentially affected by significant tornadoes in the A) Central Plains; B) High Plains;
C) Mid South; and D) Midwest for 1950 (dotted line), 2000 (dashed line), 2050 (dot-dashed line;
A2 SRES scenario), and 2100 (solid line; A2) decadal cost-surfaces. The shaded envelopes
represent the POE curve 95% confidence intervals. Breakout plots provide perspective on the
POE curve’s 50th percentile.

75

Figure 13: Annual significant tornado impact descriptive statistics, including A) median (A2);
B) mean (A2); C) standard deviation (A2); D) 95th percentile (A2); E) median (CB); F) mean
(BC); G) standard deviation (BC); and H) 95th percentile (BC) for the Central Plains (squares),
High Plains (circles), Mid South (triangles), and Midwest (diamonds) from 1940 to 2100
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Figure 14: As in Figure 13, but for the A1 SRES scenario.
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Figure 15: As in Figure 13, but for the B1 SRES scenario.
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Figure 16: As in Figure 13, but for the B2 SRES scenario.
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Table 8: Total number of housing units and percentage of developable area in the at-risk
regions for 1940 and 2100 (by the A2 SRES scenario). Land use (LU) type was defined
after Theobald (2005) as rural (>16.18 hectares (ha) per HU); exurban (0.8-16.18 ha per
HU); suburban (0.1-0.8 ha per HU); and urban (<0.1 ha per HU). The percentage
change in total HUs and percentage of total developable area from 1940 to 2100 by
regional study area and LU classification is also provided.
Housing units
% of total developable area
%
Land use
change
% change
Region
1940
2100
1940 2100
class
19401940-2100
2100
225,151
463,303
105.8
97.9
79.7
-18.6
Rural
209,650
2,110,166
906.5
1.9
16.1
764.5
Central Exurban
Plains Suburban 445,246
6,725,928 1,410.6
0.3
3.4
1215.9
172,994
6,550,397 3,686.5
0.01
0.8
3341.7
Urban
38,557
140,059
263.3
99.5
95.3
-4.3
Rural
51,746
577,692
1,016.4
0.4
3.5
803.9
Exurban
High
Plains Suburban 110,795
1,448,352 1,207.2
0.1
0.7
801.6
37,055
3,969,748 10,613.2
0.01
0.5
9903.0
Urban
189,375
564,958
198.3
98.0
65.0
-33.6
Rural
205,999
3,485,395
1,591.9
1.9
30.1
1487.7
Exurban
MidSouth Suburban 194,055
7,396,803 3,711.7
0.1
3.6
2439.3
42,538
9,675,024 22,644.5
0.01
1.3
22917.4
Urban
386,297
629,393
62.9
94.5
67.9
-28.1
Rural
537,898
2,791,839
419.0
4.6
25.8
456.6
Exurban
Midwest
773.8
0.8
4.9
526.9
Suburban 1,235,604 10,796,096
703,094 10,644,427 1,413.9
0.1
1.4
1522.5
Urban

Midwest contains a greater number of large population centers, and the Central Plains
experiences a greater frequency of significant (enhanced Fujita Scale 2+, or EF2+) tornadoes per
year on average compared to the Mid-South, the collective Mid-South median and mean impacts
are forecast to outpace the Central Plains and Midwest (Figure 13A and 13B). This result is due
to the Mid-South’s elevated tornado risk juxtaposed with high HU density and more rapid
development. While differences in regional tornado risk play a role, the primary cause for the
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disparity between historical Mid-South and Midwest tornado impacts can be attributed to
changes in HU counts and land use (Table 8 and 9). The Midwest is projected to add as many as
1.5 million more HUs than the Mid-South during the 160-year period, yet the relative HU growth
(3,242%) in the Mid-South is much larger than the Midwest (768%) for the same period (Table
3). In addition, the percentage of developable land in the Midwest classified as rural is forecast
to decrease as much as 27% by 2100, while in the Mid-South rural land percentage is projected
to be reduced by up to 33% (Table 8). During this same period, Mid-South exurban land area is
estimated to increase as much as 1,488% and Midwest exurban land is expected to increase as
much as 457%. These changes indicate that the relatively higher conversion rates of rural land to
exurban, suburban, and urban land use in the Mid-South will lead to more substantial tornado
impacts during the 21st century compared to the Midwest.
The Central Plains is expected to experience as much as a 1,213% (1,400%) change in
median (mean) HU impacts during the 160-year study period (Table 7; Figure 12-16). The
difference between Central Plains and Mid-South annual median and mean tornado impacts can
be attributed, at least in part, to the contrasting HU growth rates in the Central Plains and MidSouth. The Central Plains is projected to gain as many as 14.8 million HUs by 2100, acquiring
5.7 million fewer HUs than the Mid-South (Table 9). This difference is a result of the lower
(765%) projected Central Plains exurban growth from 1940 to 2100 compared to the Mid-South
(1,488%) (Table 8). Although the Central Plains and Mid-South contained similar median and
mean annual tornado impacts in 1940, by 2000 the Mid-South median and mean impact values
had inflated to 2,327 and 3,366 HUs, respectively, surpassing the Central Plains’ impacts by
nearly 160% (Table 7; Figure 13A and 13B).
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Table 9: Absolute and percentage change in HUs for the at-risk regions.
Absolute change (x1,000,000) Percentage change (%)
Region SRES
1940- 2000- 2050- 1940- 1940- 2000- 2050Scenario 2000 2050 2100
2100
2000
2050
2100
6.1
4.0
1.9
11.9
581.0
55.2
16.7
A1
6.1
3.3
5.4
14.8
581.0
45.5
51.9
Central A2
6.1
3.1
1.3
10.5
581.0
43.6
12.6
Plains B1
6.1
2.4
2.1
10.6
581.0
33.4
22.0
B2
6.1
2.7
2.5
11.4
581.0
38.2
25.2
BC
1.9
1.9
1.0
4.7
802.8
86.1
24.1
A1
1.9
1.6
2.4
5.9
802.8
72.6
65.3
A2
High
1.9
1.4
0.7
4.0
802.8
64.0
20.6
B1
Plains
1.9
1.1
1.2
4.2
802.8
53.1
36.1
B2
1.9
1.3
1.4
4.6
802.8
61.9
38.9
BC
8.5
5.1
3.0
16.6
1351.7 55.2
20.9
A1
8.5
4.4
7.6
20.5
1351.7 47.4
56.1
A2
Mid8.5
3.4
1.5
13.4
1351.7 37.3
11.8
B1
South
8.5
2.9
2.5
13.9
1351.7 31.3
20.8
B2
8.5
3.5
3.4
15.5
1351.7 38.2
26.9
BC
11.4
3.9
1.3
16.6
397.3
27.4
7.1
A1
11.4
3.9
6.7
22.0
397.3
27.6
36.8
A2
11.4
3.4
0.8
15.5
397.3
23.6
4.4
Midwest B1
11.4
3.1
2.4
16.9
397.3
21.7
13.8
B2
11.4
3.2
2.6
17.1
397.3
22.4
14.6
BC

19402100
1133.4
1405.1
1000.5
1007.7
1078.3
1984.7
2476.4
1685.0
1782.0
1930.3
2624.7
3242.3
2128.1
2203.9
2445.4
578.7
767.6
541.7
588.5
597.7
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The High Plains contain the lowest change in tornado impacts from 1940 to 2100
compared to all at-risk tornado regions. This finding is attributed to the vast amount of rural land
(95% of total developable area) estimated to exist in the High Plains through the remainder of the
century and the presence of small, isolated communities that are not projected to experience
much sprawl (Figure 11). This more rural landscape results in a POE curve that decays much
more quickly (Figure 12), as well as lower tornado impact measures of central tendency.
4.4.2 Tornado impact variability
Tornado impact variability illustrates the expected year-to-year differences in annual
tornado impacts for a specific region and decadal cost surface. Examining annual tornado HU
impact variability, for each region from 1940 to 2100 reveals that the Mid-South, by far, contains
the greatest amount of variability (Table 7; Figure 13C and 13G). However, during the historical
period of analysis, the Midwest has the highest variability in annual tornado impacts due to its
large number of high HU density cities as well as substantial areas within the region containing
low HU density (e.g., agricultural land, protected areas, etc.). For instance, although the
Midwest is projected to have the greatest percentage of urban (1.4%) and suburban (4.9%) land
compared to the other at-risk tornado regions by 2100 under the A2 scenario, it is also forecast to
contain a higher percentage of rural land (68%) compared to the Mid-South (Table 8). The
Midwest’s vastly different rural and urban land use development character contributes to annual
tornado impact variability by producing years where many HUs were affected by tornadoes as
well as years where very few HUs were impacted. Annual tornado impact variability in the MidSouth is expected to surpass the Midwest sometime between 2030 and 2090 due to the MidSouth’s rapid exurban land growth (Figure 13C and 13G). The Mid-South’s impact standard
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deviation is predicted to increase anywhere from 2,277% to 3,514%, the largest change among
all regions over the 1940-2100 period (Table 7). Overall, this transition occurs sooner in the A1
and A2 scenarios as these are based on more rapid economic progression, a highly mobile
workforce, and strong domestic and international migration (EPA 2009).
Due to the effects of decreasing HU growth rates in the Midwest and slowly increasing
growth rates in the Central Plains during the 21st century, the Central Plains and Midwest
forecast annual impact variability trends follow similar trajectories. The Central Plains’ impact
standard deviation is estimated to increase up to 7,613% from 1940 to 2100; the Midwest’s
impact variability is expected to change by as much as 6,280% (Table 7). Central Plains annual
tornado impact variability is constrained because of the paucity of large population centers
necessary for rapid HU growth, and the Midwest variability is restricted because vast amount of
agricultural and protected land that tends to limit HU growth and sprawl (Brown et al. 2005).
The High Plains contain the least amount of annual HU impact variability compared to all other
regions due to the paucity of large population centers, high proportion of rural land, and lower
development growth rates (EPA 2009).
4.4.3 Tornado impact 95th percentile
The 95th percentile of annual impacts highlights the probability of high-end years where
the number of HUs impacted by significant tornadoes would be considered either rare or
relatively extreme by meteorologists and risk analysts (Figures 13-16). The potential for a highend tornado impact year may be the result of a large number of tornadoes accompanying a severe
weather outbreak (e.g., 3-4 April 1974 and 27 April 2011 outbreaks) or a year where a single
large tornado traversed a highly populated area resulting in thousands of HUs affected. From
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1940 to 2000, the Midwest had the greatest absolute change in the 95th percentile, increasing by
9,426 HUs, or 394% (Table 7; Figure 13D and 13H). The Mid-South is forecast to overtake the
Midwest during the 21st century for all projected ICLUS storylines except for B2. Annual HU
impacts associated with the Mid-South’s 95th percentile may increase as much as 3,468% from
1940 to 2100, while the Midwest may amplify up to 757% (Table 7). The more substantial
growth in exurban land, higher domestic migration, and larger population growth rates found in
the Mid-South yield greater changes in 95th percentile tornado impacts compared to all other
regions. Although less than the Mid-South, the Central Plains and High Plains’ 95th percentile
annual HU impact values are expected to increase throughout the century, increasing by as much
as 1,480% and 2,608%, respectively (Table 7; Figure 13D and 13H). These comparisons
indicate that, although the Midwest contains a greater number of HUs, high-end tornado impact
probabilities for the other regions may increase at a much faster pace during the 21st century.
4.4.4 Observed vs. uniform development types
To assess the relative influences of HU growth and spatial distribution on annual tornado
impact probabilities, the TorMC was used to generate four 10,000-year tornado simulations (two
per decadal cost surface (1950 and 2100) over each region (Figure 17)). Simulations are
conducted over two types of hazard costs surfaces: “observed” and “uniform”. The observed
cost surfaces are based on historical development and land use patterns in each region. The
uniform cost surfaces represent an extremely sprawled and theoretical HU density landscape,
where the total number of HUs within the region for a given decade surface is distributed
uniformly across the region’s spatial domain. Although the uniform cost surface is an unrealistic
and theoretical land use pattern, it does provide insight into how urban sprawl influences tornado
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Figure 17: As in Figure 12, but for 1950 (thin lines) and 2100 (thicker lines; A2 SRES
scenario). The dashed lines illustrate the POE curves from “uniform” HU distributions and solid
lines highlight “observed” HU density patterns derived from the SERGoM-ICLUS cost surfaces
for 1950 and 2100 (A2). The mean (µ) and standard deviation (σ) for each POE curve are also
presented.
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impacts and disaster probability. POE curves generated from the observed cost surface
simulations capture both the effects of HU magnitude and sprawling development on tornado
impact probability, while the uniform cost surface simulations highlight the effects of sprawl on
tornado disaster potential. The differences between the 1950 and 2100 POE curves indicate the
importance of HU magnitude growth during the 150-year period, and the disparity in POE
shapes portend the consequences of development and land use differences.
Comparing tornado impact statistics (Figure 17) and POE curve shapes associated with
each simulation reveals that the uniform cost surfaces contain greater mean annual tornado
impacts compared to the observed cost surfaces. This suggests that, although the total number of
HUs in each region is equal in both the observed and uniform simulation scenarios, the uniform
HU density pattern results in a greater number of HUs affected per year on average.
Concurrently, high-impact years (POE < 0.1) in the uniform simulations are restricted due to the
lack of clustered development (i.e., towns, cities, etc.). The total number of HUs affected by a
single tornado on the uniform cost surface is related to tornado footprint areal coverage (i.e., the
longer and wider simulated tornado, the greater the HU impact magnitude). The differences
between observed and uniform high-impact years is revealed by comparing their standard
deviations. The variability in annual tornado impacts is greater in observed simulations
compared to the uniform simulations in all regions. In general, solely increasing HUs through
time will lead to greater median and mean tornado-HU impacts; but, incorporating clustered HU
growth combined with sprawling development increases impact variability and high-impact
event probability.
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4.5 Discussion and conclusions

While the findings presented reveal the potential for more and greater tornado disasters in
the future, disaster risk probability is not uniform across space and time. In general, comparative
results across at-risk regions reveal future tornado disaster potential will be greatest in the MidSouth due to this region’s elevated tornado risk intersecting heightened exposure rates due to
existing and forecast built-environment development in and around metropolitan areas. The
South contains a large number of physical and social vulnerabilities—from a high rate of
nighttime tornadoes and fast storm speeds, to substantial mobile home density and elevated
poverty rates (Ashley 2007; Simmons and Sutter 2007; Ashley et al. 2008). Any increase in
residential built environment and affiliated population will amplify these vulnerabilities,
portending greater disaster frequency and magnitude in the future. While this potential is
greatest in the Mid-South, the other at-risk regions investigated reveal similar trends in disaster
likelihood as varying—but, generally increasing—rates of exposure interact with some of the
highest tornado risks anywhere in the world (Brooks et al. 2003b; Tippett et al. 2015).
Understanding how disasters are being altered is complex due to changes in vulnerability
and risk (Meehl et al. 2000; IPCC 2001; IPCC 2012). The relationship between these disaster
constituents is best illustrated by examining their respective statistical distributions rather than
just central tendency and variability (e.g., IPCC 2001 their Figure 2.32). A simple conceptual
model highlights how tornado impact POE may change under future development regimes
(Figure 18). Within each curve, there are individual shifts in tornado central tendency and
variability, all related to residential built-environment growth and development patterns (Figure
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Figure 5: Theoretical probability of exceedance (POE) curves for a tornado impacting a number
of housing units (HU). Panel A) illustrates how the impact POE curves are expected change
provided future population and built environment growth. Panel B) reveals the influence of
housing unit (HU) magnitude growth or HU sprawl on the shape of the POE. Curve t0
represents the current day tornado impact POE; t1a highlights an increase in tornado impact
central tendency but no amplification in variability; t1b indicates inflating tornado impact
variability but no increase in central tendency; and t1c exemplifies amplifications in both tornado
impact central tendency and variability.
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18a). Figure 18b isolates the effects of differing development types on the central tendency and
variability measures of tornado exposure. Scenario 1 (Figure 18b; t1a) is indicative of a
landscape that contains a large amount of urban density loss or urban flight (e.g., Cullen et al.
1999) and increasingly uniform HU density (i.e., faster HU growth on the fringes of metropolitan
areas compared to the inner city) that leads to greater tornado impact central tendency and less
variability. Scenario 2 (Figure 18b; t1b) illustrates tornado impact increases through the
clustering of population and HUs (i.e., migration back to urban cores and/or smart growth
development; Atkinson 2004) whilst decreasing sprawl. This scenario leads to no change in
future tornado impact central tendency but increased impact variability. Lastly, Scenario 3
(Figure 18b; t1c) represents expected future development growth with escalations in both central
tendency and variability. The spatial character of population and built-environment growth is
also exceedingly important in creating tornado disaster potential. Increasing the number of
people and/or HUs will lead to more amplified tornado impacts and greater disaster potential.
However, landscapes that contain clustering of population and housing, such as that found in
traditional city morphologies, yield more variable tornado impact magnitudes and greater
potential for high-end (>1,000 HU affected) tornado events. Conversely, landscapes that contain
a larger amount of sprawl and less built-environment clustering typically have greater mean and
median tornado impacts but are less likely to experience high-end tornado events. The
implication of development morphology and its speed as a fingerprint of disaster potential
suggests that city managers, urban planners, catastrophe modelers, and policy makers should be
examining the spatial character of land use alongside potential changes in hazard risk due to
climate change (e.g., IPCC 2014; Herring et al. 2015).
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Many current tornado disaster mitigation strategies place a majority of effort on shortterm preparedness and response (e.g., Millie et al. 2000; Sorensen 2000; Doswell and Brooks
2002; der Heide 2006; Collins and Kapucu 2008). However, a greater emphasis should be
placed on medium and long-term horizon (i.e., years and decades prior to an event) activities
such as land planning and infrastructure mitigation strategies. For instance, communities and
regions prone to tornado hazards should more readily consider tornado disaster probabilities and
societal exposure within their disaster mitigation strategies, practices, and techniques. Local,
state, and regional emergency management and policy makers should adopt land use planning
policies that directly reduce the amount of infrastructure and built environment placed in harm’s
way. Land use planning aimed at mitigating tornado disaster effects, and improving individual,
community, and institutional resilience, will not only be beneficial economically, but also lead to
decreased consequences when a tornado, or other environmental hazard, occurs. For example,
communities that restrict development and infrastructure from vulnerable lands, while adopting
smart growth development strategies, will ultimately lessen hazard losses (Godschalk et al. 1998;
Burby et al. 2000; Pearce 2003; Mann et al. 2014; IPCC 2014). Also, continual investment in
safe rooms, public shelters, and improvements in construction practices will enhance tornado
survivability (Merrell et al. 2002; Paton and Johnston 2006; Simmons and Sutter 2007; Prevatt et
al. 2012; Simmons et al. 2015). These hazard mitigation approaches are best implemented as a
“bottom-up” or local intergovernmental solution rather than a “top-down” state and Federal
effort (Goldschalk et al. 1998; Burby 2000).
The IPCC SRES storylines and their inclusion in the exposure datasets permitted an
assessment of various socioeconomic pathways on future disaster consequences and societal
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exposure. Given the B1 and B2 population and development growth storylines illustrated the
least amount of changes tornado disaster potential for the four tornado prone regions, these
sustainable economic growth scenarios provide a potential outcome of how sprawl reducing local
and effective regional land use planning may influence tornado disaster potential in the future.
Overall, for regions and communities that are projected to undergo rapid built-environment
growth and sprawl, long-term development plans and strategies may need to be reconsidered in
the face of a changing hazard risk (Kunkel et al. 2013) and exposure to mitigate future disaster
frequency and consequences (Tippett et al. 2015). Efforts placed on the adoption,
implementation, and enforcement of rigorous zoning policies to limit sprawl and population
growth promotes a proactive, rather than reactive, solution to reducing future tornado disaster
consequences.
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`CHAPTER 5
HOW LAND USE ALTERS THE TORNADO DISASTER LANDSCAPE

5.1 Abstract

This research assesses how the spatial character of land use influences tornado disaster
potential at the region and metropolitan scales. Fine-scale, residential built-environment data for
the Central Plains (regional) and Wichita, KS (metropolitan) domains are used in a Monte Carlo
tornado simulation framework to estimate significant tornado impact magnitude and disaster
potential. The land use patterns of the domains are systematically adjusted using the 2010
observed data surface as a baseline to explore how the density and spatial character land use
affects the possibility of significant tornado impacts. As residential built-environment density is
reduced and the footprint of developed land grows, tornado impact magnitude and disaster
probability increases. Conversely, restricting sprawl while, at the same time, adopting a more
concentrated land use pattern, lowers the odds of tornado disaster. Results reveal that the
geographic character of land use is important in determining an area’s tornado disaster potential.
Proactive disaster mitigation strategies, such as effective land planning and building code
improvement and enforcement, are required to reduce future tornado impacts.
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5.2 Introduction

Previous research (Ashley et al. 2014; Rosencrants and Ashley 2015; Ashley and Strader
2016) has illustrated that spatially expanding built environment has led to greater hazard impacts
and heightened disaster potential. For instance, within the past 80 years, the conterminous U.S.
population has more than doubled, and the footprint of development has increased by over 600%.
While a majority of population and built-environment growth has been associated with rapidly
increasing urban populations, the outward expansion of population and built-environment
variables on the fringes of urban cores (i.e., sprawl) also greatly influences hazard impact and
disaster probability (Alig and Healy 1987; Ewing 1994; Benfield et al. 1999; Katz and Liu 2000;
Ewing et al. 2005; Theobald 2005; Bhatta et al 2010; Ashley and Strader 2016). During this
same period, the frequency and magnitude of weather-related hazard impacts have also increased
(e.g., Changnon et al. 2000; Bouwer 2011; IPCC 2012). While shifts in hazard risk (i.e.,
frequency, magnitude, and location of hazard events) resulting from anthropogenic climate
change (Peterson et al. 2013; Kunkel et al. 2013) may play a role in increasing extreme events
and their affiliated losses, the surge in disaster frequency can be, at least at this time, primarily
attributed to growth in underlying human and built-environment vulnerabilities (Pielke 2005;
Höppe and Pielke 2006; Hall and Ashley 2008; Bouwer 2011; IPCC 2012; Preston 2013; IPCC
2014; Mohleji and Pielke 2014; Ashley et al. 2014; Strader and Ashley 2015; Ashley and Strader
2016).
In this investigation, the effects of the spatial character of the residential built
environment on tornado disaster potential by controlling for population and development
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magnitude at both the regional and metropolitan scales are isolates and assessed. The research
provides a fundamental understanding of how the structure, shape, and density of residential
development influences tornado hazard impact and disaster potential. The results may be used
by decision makers and stakeholders to assess regional and community-level land use policies
and, moreover, how these policies may affect tornado disaster frequency and consequences.

5.3 History of U.S. urbanization and development

Over the last 200 years, the U.S. has transitioned from a primarily rural development
character to clustered, urban and suburban land use (Kim 2000). During the 18th century,
approximately 95% of the U.S. population resided in rural locations (Census 1975). The
remaining 5% lived in small villages, or larger cities such as Boston, New York, and
Philadelphia. With the dawning of the Industrial Revolution in the 19th century, population
increases in urban areas began to outpace growth rates in rural locations. Economic and social
advancements at the turn of the 20th century resulted in enhanced population growth within cities
with over 30% of the U.S. population residing in urban areas by 1900 (Census 1975). Because
of this rapid growth, the total number of people living in urban centers surpassed those living in
rural areas by 1920.
The 1930s to mid-1940s brought forth economic and social hardship for many citizens
(e.g., Great Depression, World War II, etc.), slowing overall population growth and development
within the U.S. In addition, the Dust Bowl initiated a mass rural exodus in the Great Plains
where over 2.5 million people living in the Plains states migrated to cities in search of work
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(Worster 1982). However, following World War II, the U.S. entered the “Golden Age of
Capitalism”, or the postwar economic boom (Marglin and Schor 1990). Middle class
populations began to swell from 1945 to the early 1970s due to the “Baby Boom”, maturation of
war bonds, and a well-educated workforce. Given this newfound prosperity, middle class
families began to migrate or spread outward away from city cores toward more single-family,
suburban housing (i.e., urban sprawl; Whyte 1956). By 1970, the number of people living in
suburban locations had surpassed those living in urban areas due to ever-increasing suburban
community projects (e.g., Levittowns), the U.S. Interstate Highway System, and affordable
automobiles and gasoline (Jackson 1985; Greene and Pick 2012). Population surrounding urban
centers initially declined in many locations (e.g., Detroit, Philadelphia, St. Louis, etc.; Greene
and Pick 2012) as the middle class continued to abandon the city core. The housing vacancy left
in the inner city was ultimately replaced by highways, public housing, convention complexes,
and other public/private investment in massive urban renewal projects.
As the postwar economic boom came to an end in the mid-1970s, population growth
within suburban and exurban communities started to increase rapidly. By 1990, over 45% of the
U.S. population resided in suburban housing, and approximately 30% of all U.S. citizens lived in
central cities or urban communities (Hobbes and Stoops 2002). The amount of rural land area
also continued to decrease as suburban and exurban housing development replaced existing open
and undeveloped land (Greene and Pick 2012). Rural population loss was sustained from the
1970s to 1990s due to the continual migration of people from rural locations in search of work
and new suburban-exurban housing projects. The combination of rural-to-suburbia migration
and urban sprawl led to the development of edge cities (Garreau 1991). Edge cities are micro-
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economic cores located within the suburban landscape that contain a high concentration of
leasable office space, retail space, and jobs. The advancement of edge cities acted to reduce the
dependence on a single, large central business district (CBD) and encouraged an even greater
amount of urban sprawl (Lang 2009). The processes of urban sprawl and the existence of edge
cities transformed the traditional metropolitan shape from a monocentric to polycentric form
(Greene and Pick 2012). Polycentric cities can be described by their high suburban employment
rates, interconnected public transportation, sprawling character, and multiple CBDs
(Kloosterman and Musterd 2001).
Concerns about urban sprawl and poor land use practices began to arise during the 1990s.
Researchers and interest groups became increasingly concerned about the influence urban sprawl
had on the loss of agricultural and natural land (Platt 1991; Buchanan et al. 1997), traffic
congestion (Downs 1992), poor air quality (Frumkin 2002), and the socioeconomic disparity
between inner cities and suburbs (Powell 1998). In reaction to these issues, the smart growth, or
new urbanism movement, began to gain traction (Burchell et al. 2000; Knapp and Talen 2005).
Smart growth can be categorized by five primary core principles: 1) a balanced and multimodal
transportation system; 2) regional view of community; 3) efficient land use and infrastructure; 4)
a vital central city; and 5) mix of housing choices and neighborhoods focused around mixed-use
centers (Greene and Pick 2012). Broadly, smart growth can be thought of as “growing up”
(increased density) instead of the “growing out” (increased low density spatial footprint)
affiliated with sprawl. Thus, smart growth has resulted in the migration of people back to the
urban cores or primary CBDs (Atkinson 2004).
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As U.S. population increased and developed land area expanded over the last 200 years,
weather-related disaster frequency and consequences also increased (Kunkel et al. 2013; Smith
and Katz 2013). A number of previous studies have examined the interconnection among land
use, population density, and hazard consequences. Most notably, researchers have investigated
how land use is linked to the risk of urban flooding (e.g., Pottier et al. 2005; Shepherd 2005;
Brath et al. 2006; O’Connell et al. 2007), landslides (e.g., Leighton 1976; Sidle 1985; Sidle
2006), and coastal inundation (Trailli et al. 2005; Wheater and Evans 2009). In addition, a
number of studies (Rae and Stefkovich 2000; Wurman et al. 2007; Hall and Ashley 2008;
Paulikas and Ashley 2011; Ashley et al. 2014; Rosencrants and Ashley 2015; Ashley and Strader
2016) have investigated the role large population centers, population growth, and urban sprawl
serve in influencing tornado impacts. Others (i.e., Hall and Ashley 2008; Ashley et al. 2014;
Rosencrants and Ashley 2015; Ashley and Strader 2016) have focused on how changes in
population and land use, especially in the form of suburban and exurban sprawl, is leading to
greater numbers of people and homes potentially in harm’s way and, moreover, increasing
tornado disaster potential. The effects of escalating tornado hazard exposure has been observed
with recent tornado events such as the 2011 Joplin, MO EF5; 2013 Newcastle-Moore, OK EF5;
2015 Washington, IL EF4; etc. (Hall and Ashley 2008; Strader and Ashley 2015; Ashley and
Strader 2016).
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5.4 Data and methods

This research seeks to answer the question, “What type of land use is best for mitigating
impacts from tornadoes?” The study is prefaced with a hypothetical: What if we could wake up
tomorrow and decide to fundamentally change the way we allocate land, plan land use, and grow
and maintain our developed spaces? To explore this question, a two part analysis—regional and
metropolitan—was conducted. The U.S. Central Plains region (Figure 19) was chosen for the
regional analysis because of its large proportion of rural land surrounding densely populated
metropolitan areas (i.e., Oklahoma City, OK; Omaha, NE; Tulsa, OK; Wichita, KS) and high
tornado risk (Brooks et al. 2003; Gagan et al. 2010; Dixon et al. 2011; Marsh and Brooks 2012;
Dixon and Mercer 2012; Ashley and Strader 2016). Wichita, KS was used to investigate the role
metropolitan-scale land use character has on tornado impact potential (Figure 20). Wichita has a
monocentric land use character with a primary CBD (Mills 1981) and is in the center of what is
colloquially known as “Tornado Alley.” For the regional and metropolitan area domains,
observed and forecast distributions of housing unit (HU) density were modeled using the
Spatially Explicit Regional Growth Model (SERGoM; Theobald 2005; EPA 2009; Bierwagen et
al. 2010) and juxtaposed with the tornado hazard utilizing the Tornado Impact Monte Carlo
(TorMC) model (Strader et al. 2016).
The SERGoM model comprises gridded fine-scale (100-m resolution) historical and
projected HU density approximations for the conterminous U.S. The HU estimates are obtained
using a variety of geospatial information such as road density, developable lands, protected
areas, accessibility to urban areas, etc. (Theobald 2005). Model reliability and accuracy was
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Figure 19: Observed and idealized land use morphology surfaces for the Central Plains region.
Regional land use morphology surface descriptions are outlined in Table 10.
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Figure 20: Observed and idealized land use morphology surfaces for Wichita, KS. Metropolitan
land use morphology surface descriptions are outlined in Table 10.
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assessed by utilizing a hindcast technique with the historical U.S. Census Bureau population and
HU block enumerations (Theobald 2005). Cross-validation results revealed that the SERGoM
model contained accuracies from 80% to 91% for the conterminous U.S. (Theobald 2005).
The TorMC is a spatially explicit Monte Carlo model that simulates thousands of tornado
events and estimates their potential costs on an underlying exposure surface (Strader et al. 2016).
TorMC model details, components, validation, and examples are outlined in Strader et al. (2016).
In this study, the TorMC is used to simulate 10,000 years of significant (i.e., greater than or
equal to Enhanced Fujita Scale 2, or EF2+, magnitude) tornado footprints (i.e., tornado path
length multiplied by path width, which represents the idealized maximum extent of tornadic
winds) across the Central Plains domain, and 20,000 years of significant tornado footprints
across the Wichita domain. Simulation lengths of 10,000 and 20,000 years were selected
because they produced functional, yet computationally efficient, TorMC model output for the
domains investigated. Only significant tornadoes were simulated since they have been
responsible for nearly 99% of all fatalities and 75% of damage from U.S. tornadoes since 1950
(Ashley 2007; Simmons and Sutter 2011). Further, their annual counts have been stable over
time compared to non-significant tornado frequencies, which suffer from a number of nonmeteorological biases (Verbout et al. 2006; Brooks et al. 2003; Doswell 2007).
The TorMC simulations use solely those annual tornado counts from 1954 onward since
the reporting of tornadoes prior to 1954 was deficient (Agee and Childs 2014; Strader et al.
2015a; Ashley and Strader 2016). Tornado widths by EF-scale magnitude were determined by
using Weibull parameters from Brooks (2004), while tornado path lengths, azimuths, and
magnitudes were chosen based on repeated random sampling with replacement (i.e.,
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bootstrapping). This study also uses the TorMC random tornado touchdown probability
technique that removes any potential tornado reporting bias due to population density (e.g.,
Grazulis 1993; Brooks et al. 2003; Doswell et al. 2005; Strader et al. 2016). To extract simulated
tornado costs, the TorMC “intersect” cost-extraction method was selected (see Fig. 4 in Strader
et al. 2016). This method ensures all cost surface grid cells intersecting a tornado footprint are
included in the tornado footprint cost estimation statistic.
The SERGoM and TorMC models were used to assess tornado impact and disaster
potential for eleven regional and seven metropolitan HU surfaces, each demonstrating a different
observed or manipulated land use character (Table 10 and 11 ; Figure 19 and 20). The 2010
SERGoM HU surface was used as a baseline, representing the observed regional and
metropolitan 2010 HU totals, density, and land use pattern (Figure 19.a and 20.a). All other land
use cost surfaces were created by adjusting the 2010 observed HU densities and spatial
characteristics, but not the total number of HUs within the regional and metropolitan domains.
The total number of HUs was held constant for each idealized land use surface in order to isolate
the effects the residential built-environment spatial character has on tornado impacts and disaster
potential.
Following Theobald (2005) and EPA (2009), four primary land use classifications were
used in developing observed and idealized land use models—the classifications include rural
(<0.062 HU per hectares (ha)); exurban (0.062-1.236 HU per ha); suburban (1.237-9.884 HU per
ha); and urban (>9.884 HU per ha). First, the idealized uniform land use surface (Figure 19.B)
represents a residential built environment where the total number of HUs within the region are
spaced equally within the domain. This type of pattern characterizes an “extremely sprawled”
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Table 10: Central Plains observed and idealized land use surfaces with urban, suburban,
exurban, rural land use classification (housing units (HU) per hectare (ha)), and description.
Land Use Classification (HU per ha)
Surface
Urban Suburban Exurban Rural Morphology Description
1.2370.0622010 SERGoM observed HU
Observed
>9.884
<0.062
9.884
1.236
morphology
HUs are spaced equally within
the domain representing an
Uniform
0.058
“extremely sprawled” regional
HU morphology.
HUs are placed into a single,
Exurban
1.000
monocentric exurban area
All HUs are placed into a
Suburban
5.000
single, monocentric suburban
area
HUs are placed into a single,
Urban
10.000
monocentric urban area
Monocentric
HUs within in each land use
Observed HU
class are grouped and placed
10.000
5.000
1.000
0.006
distribution
into a monocentric
(MonoObs)
morphology
HUs are divided equally into
Monocentric
urban, suburban, exurban, and
Equal HU
10.000
5.000
1.000
0.015 rural land use classes and
distribution
placed into a monocentric
(MonoEq)
morphology
HUs are placed into a single,
Polycentric
10.000
5.000
1.000
0.016
polycentric form.
MonocentricHUs are placed into multiple
Metropolitan 10.000
5.000
1.000
0.005 monocentric metropolitan
(MonoMet)
(>20k HUs) communities
HUs are placed into multiple
Monocentricmonocentric micropolitan
Micropolitan
5.000
0.053
(>10k HUs but <20k HUs)
(MonoMic)
communities
All HUs are placed into
Metropolitanmultiple monocentric
Micropolitan 10.000
5.000
1.000
0.013
metropolitan and micropolitan
(MetMic)
communities
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Table 11: As in Table 10, except for Wichita, KS metropolitan area.
Land Use Classification (HU per ha)
Surface
Urban Suburban Exurban Rural Morphology Description
2010 SERGoM observed HU
1.2370.062Observed
>9.884
<0.062 magnitude, density, and spatial
9.884
1.236
morphology
All HUs are grouped and placed
Monocentric 10.000
5.000
1.000
0.012 into a monocentric development
morphology
All HUs are spaced equally
within the domain representing an
Uniform
0.844
“extremely sprawled” regional
HU form.
All HUs are placed into a single,
Suburban
5.000
monocentric suburban area
All HUs are placed into a single,
Urban
10.000
monocentric urban area
All HUs are placed into a single,
Concentrated
50.000
monocentric concentrated urban
Urban
area
HyperAll HUs are placed into a single,
concentrated 100.000
monocentric hyper-concentrated
Urban
urban area
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landscape. The idealized exurban, suburban, and urban surfaces in panels Figure 19.C-E
illustrate land use patterns where all HUs within the domain are placed into single, monocentric
areas representing each of their corresponding land use densities surrounded by undeveloped
land (Table 19). The monocentric observed (MonoObs) and monocentric equal (MonoEq) HU
distribution land use surfaces in Figure 19.F-G represent patterns that encompass a traditional
urban-to-rural land use density curve (Newling 1969; i.e., HU density decreases outward radially
from a primary urban core). The MonoObs surface uses the observed regional number of HUs
within each land use class and groups them into a monocentric development with concentric land
use rings—i.e., urban core surrounded by suburban land use which is then enclosed by exurban,
etc. The equal HU distribution surface in Figure 19.G was created by taking all HUs within the
regional domain, distributing them equally into the four land use classes, and placing them in a
monocentric development form with decreasing HU density radially outward from urban to rural.
The monocentric-metropolitan (MonoMet), monocentric-micropolitan (MonoMic),
metropolitan-micropolitan (MetMic), and polycentric surfaces in Figure 19.H-K denote a variety
of commonly occurring regional land use patterns found in the U.S. Metropolitan communities
contain 20,000 or more HUs, while micropolitan communities encompass greater than 10,000
HUs but less than 20,000 HUs (OMB 2009). In general, the MonoMet, MonoMic, and MetMic
development patterns contain multiple metropolitan and micropolitan communities enclosed by
rural land use.
The seven metropolitan built environment surfaces are similar to the regional observed,
uniform, suburban, urban, and multiple land use monocentric patterns but are focused at the local
scale and use the Wichita metropolitan area’s HU totals (Table 11; Figure 20). Two additional
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development surfaces were generated for the metropolitan analyses: concentrated urban and
hyper-concentrated urban. These morphologies are classified as urban land use but with
increasing HU densities (i.e., 50 HU per ha (concentrated) and 100 HU per ha (hyperconcentrated)). Although many of the regional and metropolitan residential built environment
surfaces employed in this study are idealized, they provide an assessment of how differing land
use morphologies influence tornado disaster probability.
In general, tornado “impacts” is defined as the sum number of HUs a simulated tornado
damages. To assess how each land use morphology surface uniquely influences tornado impact
magnitude and disaster potential, probability of exceedance (POE) curves are generated using
regionally aggregated annual simulated tornado HU impacts. Essentially, each individual
simulated tornado HU impact value is summed and added to the year’s total, culminating in a
total number of HUs affected by tornadoes in a given year. This process is repeated 10,000
(20,000) times in order to generate POE curves for each regional (metropolitan) development
surface. While POE curves could have been generated from individual tornado impact values,
the annual aggregation process provides a normalized measure of tornado disaster potential by
smoothing the POE curve distributions. Descriptive impact statistics (median, mean, standard
deviation, 95th percentile, and 99th percentile (metropolitan level only)) are used to characterize
the POE curves associated with each observed or idealized cost surface. Given the POE impact
curves illustrate an extreme value distribution with many outliers (e.g., Weibull, Gamma, etc.),
mean and median tornado impact values are reported to describe central tendency. Each measure
of annual tornado impact central tendency serves useful for understanding how land use patterns
influence tornado impact probabilities. The standard deviation of annual tornado impacts reveals
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each region’s impact variability, while the 95th and 99th percentiles signify potential high-end
(POE > 0.05) impact years.

5.5 Results
5.5.1 Does the spatial pattern of land use influence tornado impact potential?
Initially, a prototype Monte Carlo model was used to simulate the effects of tornadoes on
the residential built environment for five representative development scenarios (Figure 21). This
simple proof of concept is used to determine if the spatial pattern of land use affects tornado
disaster potential, providing a catalyst to explore observed and idealized cost surfaces at the
regional and metropolitan scales. The physical dimensions of simulated tornado events were
drawn from distributional summaries of tornado events in the contemporary record, where the
number assigned in each cell represents the number of hypothetical HUs. The first diagram
shows a uniform distribution as may be characteristic of a more rural environment of the U.S.
through the early parts of the 20th century; the “Zero and Two” scenario is a simplified
conceptual model of a modern rural/suburban interface; the “All on One” is illustrative of a more
concentrated land use pattern as seen in the core of cities. Results from the simple spatial model
(modeled on a 500 px2 grid at 100-m resolution) demonstrate that the expected number of HUs
impacted by a random tornado equals the mean density of HUs, as one would naturally expect
(Table 12). However, the important discovery is that the spatial distribution of HUs
fundamentally changes the measure of central tendency and variance in the expected number of
units impacted (Table 12). The variance in this case represents how the magnitude of impact can
be expected to vary across sample eras of tornado events. In short, this illustration demonstrates
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that the spatial distribution of HUs and, correspondingly, population matters and establishes why
exposure geography needs to be examined within the context of disasters.

Figure 21: Five 4x4 grids that exemplify scenarios of HU counts used to drive a simple Monte
Carlo model (500 px2 grid at 100 m).

Table 12: Results of five one million cycle Monte Carlo
simulations on impact surfaces illustrated in Figure 21.
Surface Surface
Mean
Std.
Representation
Mean
Std.
Impact
Dev.
Dev.
Impact
All Ones
1
0
48.2
66.5
Zero and Two
1
1
48.1
99.7
Checkerboard
1
1
48.2
66.5
Random
1
1
47.2
66.5
All on One
1
500
69.9
3,382.2
5.5.2 Regional land use scenarios
5.5.2.1 Monocentric pattern with a single land use classification
Findings from the regional simulations indicate that there are substantial differences in
annual tornado impact potential among all regional surfaces (Table 13; Figure 22). The 2010
observed surface yields median (mean) annual tornado impacts of 3,109 HU (4,846 HU), a
standard deviation of 5,371 HU, and a 95th percentile of 15,715 HU (Table 13). For this
observed cost surface, there is approximately a 13% chance in any given year that significant
tornadoes will affect more than 10,000 HUs in the Central Plains (Table 14). The observed
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regional development surface (Figure 19.A) and associated impact statistics serve as a control,
permitting comparisons of the observed land use pattern to a variety idealized land use
morphologies. Note that all impact probability results are slightly overestimated because of the
“intersect” tornado cost-extraction method employed (Strader et al. 2016), the spatial and
computational limitations of the modeled HU estimates (Theobald 2005), and the tornado
footprint representation of a tornado path (i.e., a idealized tornado footprint (length x width) may
overestimate the actual tornado footprint by as much as 50%; Strader et al. 2016). The
overestimation is a systematic error that results in positive bias. For this reason, it is stressed that
the focus should be on the relative differences among all observed and idealized land use
morphology surface impact results, rather than absolutes.
Median tornado impacts are 43% higher on the uniform distribution surface compared to
the observed, or control, morphology due to the extremely sprawling pattern represented in the
uniform HU density landscape (Table 13; Figure 13.A). However, because of the uniform
surface’s lack of clustered development and large HU centers, annual tornado impact standard
deviation and 95th percentile are reduced. Evidence of this effect is illustrated in Figure 13.A
where the shape of the uniform distribution POE curve highlights a distinct decrease in impact
variability and 95th percentile compared to the observed POE curve. In general, uniformly
distributing HUs throughout a region may lower the probability of high-end tornado disaster
years, but increase the annual potential for more mid- to low-end (POE < 0.5) tornado impacts.
This reduction is because the tornado impact magnitude is controlled by the simulated tornado
footprint area rather than the clustering of HUs into cities or communities. The lower tornado
impact variability is also highlighted in the annual tornado impact threshold
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Table 13: Central Plains annual tornado impact statistics for the observed and idealized land
use surfaces.
95th
Media
Std.
Surface
Mean
percentil
n
Dev.
e
Observed
3,109
4,846 5,371
15,715
Uniform
4,457
4,886 2,856
10,162
Exurban
2,000
2,676 2,781
8,105
Suburban
0
887
1,581
4,116
Urban
0
3,178 8,493
24,004
Monocentric Observed HU distribution (MonoObs)
704
3,754 7,670
19,994
Monocentric Equal HU distribution (MonoEq)
1,555
2,994 5,081
13,094
Polycentric
2,081
4,965 8,374
19,703
Monocentric-Metropolitan (MonoMet)
949
5,108 10,311
26,451
Monocentric-Micropolitan (MonoMic)
4,437
4,929 2,985
10,573
Metropolitan-Micropolitan (MetMic)
1,806
4,948 9,077
21,767

111

Figure 22: Probability of exceedance curves (POE) for the Central Plains observed (black lines)
and idealized land use morphology surfaces (red lines) (A-J). Panel K represents all regional
idealized land use morphology surface POE curves on a single plot compared to the 2010
observed surface (thick black line).
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Table 14: Annual tornado impact magnitude probabilities for the regional observed and
idealized surfaces. Housing unit (HU) magnitude impact threshold probabilities of 1,000;
5,000; 10,000; 15,000; and 20,000 are presented.
Threshold (Annual # HUs Affected)
Surface
1,000 5,000 10,000 15,000 20,000
Observed
0.803 0.332 0.127 0.056 0.026
Uniform
0.949 0.431 0.055 0.006 0.000
Exurban
0.630 0.181 0.021 0.006 0.000
Suburban
0.280 0.030 0.003 0.000 0.000
Urban
0.210 0.151 0.115 0.085 0.063
Monocentric Observed HU distribution (MonoObs) 0.409 0.185 0.112 0.074 0.050
Monocentric Equal HU distribution (MonoEq)
0.666 0.182 0.078 0.039 0.017
Polycentric
0.744 0.253 0.127 0.078 0.049
Monocentric-Metropolitan (MonoMet)
0.492 0.235 0.140 0.097 0.073
Monocentric-Micropolitan (MonoMic)
0.940 0.434 0.067 0.007 0.000
Metropolitan-Micropolitan (MetMic)
0.687 0.235 0.124 0.078 0.057

magnitudes where the results suggest that there is a 95% chance significant tornadoes will affect
1,000 HUs or more in a given year and only a 0.6% chance of significant tornadoes damaging
15,000 or more HUs (Table 14).
The exurban, suburban, and urban regional land use patterns (Figure 19.C-E,
respectively) all result in lower median (<2,000 HU) and mean (<3,200 HU) tornado impact
probabilities compared to the observed morphology (Table 13). These lessened central
tendencies are attributed to the contraction of regional HUs into single exurban, suburban, and
urban monocentric areas that, on average, reduce tornado impact magnitudes and probabilities.
The standard deviations of tornado impacts on the exurban and suburban regional patterns are
approximately 90% lower than the observed regional control land use pattern, while the urban
surface yields a tornado impact standard deviation that is 58% higher than the observed pattern
(Table 13). Whereas the regional exurban and suburban morphologies reduce tornado impact
variability and 95th percentile due to their relatively more dispersed and sprawling character, the
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urban (Figure 19.E) results in increased tornado impact standard deviation and 95th percentile
because of its more concentrated HU density pattern. These findings indicate that, while
restricting sprawl may reduce mid to low (POE < 0.5) tornado impact potential, increasing HU
density concentration may actually lead to greater high-end (POE > 0.05) tornado impact
magnitudes or disasters. This concept is illustrated in Figure 4.B-D where the extreme tails of
the exurban and suburban patterns’ POE curves lie below the observed POE curve tails while the
urban POE tail surpasses the observed POE curve near 0.12. Although 95th percentile tornado
impact magnitude may be inflated for the regional urban morphology compared to the observed,
overall tornado impact probabilities and societal exposure as a whole are reduced (Table 13).
5.5.2.2 Single development centers with multiple land-use classes
Both the MonoObs and MonoEq surfaces (Figure 19.F-G) yield lower median and mean
HU impact values when compared to the 2010 observed land use pattern. Similar to the regional
exurban, suburban, and urban surfaces, the lower MonoObs and MonoEq central tendency
impact metrics are attributed to the restriction of sprawl that lowers overall societal exposure to
tornadoes in the region. In addition, the MonoObs surface results in greater tornado impact
variability than the observed pattern due to its more concentrated HU density morphology
surrounded by a vast rural land. However, the standard deviation associated with MonoEq
surface is very similar to the observed pattern’s impact variability because of MonoEq’s greater
concentration of exurban and more sprawling monocentric character. Although the MonoObs
land use pattern represents an increase in 95th percentile HU impacts compared to the observed
surface, the MonoEq 95th tornado impact percentile is less than the observed pattern’s 95th
percentile probability as a results of reduced urban and suburban land use footprint (Table 13).
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There are subtle differences between the MonoObs and MonoEq impact descriptive
statistics and POE curves. For instance, the MonoObs comprises lower median impacts, but
higher mean impacts compared to the MonoEq surface (Table 13). This difference is attributed
to the more concentrated urban, suburban, and exurban land use footprints associated with the
MonoObs pattern. Similarly, the MonoObs surface represents greater impact variability and 95th
percentile impacts due to its more concentrated HU density pattern and greater proportion of
suburban and urban land use. Supporting evidence is illustrated in the POE curves associated
with the MonoObs and MonoEq surfaces (Figure 13) and impact threshold statistics where the
MonoObs mid- to low-end impact probabilities are lower than the MonoEq surface. The 10,000
HU, 15,000 HU, and 20,000 HU annual impact probabilities for the MonoEq morphology are
3.4%, 3.5%, and 3.3% lower, respectively, than the MonoObs surface, although the MonoEq
morphology comprises greater 1,000 HU annual threshold impact probability (Table 14). This
slight disparity in tornado impact threshold statistics is due to the MonoEq surface’s greater
sprawl and less concentrated urban and suburban HU density. Overall, the differences between
the MonoObs and MonoEq impact statistics suggest that limiting exurban growth within
monocentric morphology would lower tornado impact probabilities.
Analogous to previous findings, the polycentric surface’s median annual HU impacts are
50% lower than the observed surface’s median impacts due to a more concentrated land use
pattern (Table 13). However, because there are multiple high-density HU cores within the
polycentric morphology, mean annual impacts for the polycentric surface are slightly higher
compared to the observed, MonoObs, and MonoEq surfaces. Annual polycentric impact
variability and 95th percentile are 56% and 25% larger, respectively, than the observed surface

115
because of the geographically close monocentric urban and suburban communities. Thus, when
a simulated tornado does traverse the polycentric pattern, it has the potential to affect multiple
urban and suburban cores leading to increased mean impact magnitude. Polycentric impact
variability and 95th percentile impacts are also enlarged because of the multiple urban and
suburban cores and a more concentrated HU density pattern compared to the 2010 observed
surface. Although the polycentric POE curve most closely matches the observed POE curve and
statistics (Figure 13), the subtle shape differences between the polycentric and observed curves
reveal that there is more impact variability associated with the polycentric morphology. Again,
this finding is largely attributed to the more concentrated HU density and closer geographic
spacing of urban and suburban land use illustrated in the polycentric surface.
5.5.3 Multiple development centers
Tornado impact descriptive statistics derived from the Monocentric-Metropolitan
(MonoMet; Figure 19.I), Monocentric-Micropolitan (MonoMic; Figure 19.J), and MetropolitanMicropolitan (MetMic; Figure 19.K) surfaces are diverse and provide insight into how multiple
development centers within a region act together to generate and influence tornado impact
potential and magnitude. The MonoMet surface represents numerous highly-populated
monocentric cities surrounded by rural land. MonoMet impact results indicate that this type of
pattern reduces annual median impacts by 228% compared to the observed regional land use
(Table 13). However, mean HU impacts are slightly higher for the MonoMet surface than the
2010 observed surface because of the greater number of monocentric communities within the
region. The MonoMet surface also comprises the greatest annual impact variability and 95th
percentile of all idealized patterns due to its multiple monocentric communities. While the
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MonoMet morphology limits exurban and suburban sprawl, the enhanced HU clustering within
multiple monocentric communities leads to increased impact variability and 95th percentile
impact magnitude. Increased MonoMet impact 95th percentile is a result of tornadoes traversing
high HU density areas more frequently than in the single, monocentric surfaces (i.e., regional
Exurban, Suburban, Urban, MonoObs, and MonoEq morphologies). The MonoMet morphology
also greatly lowers impact thresholds (Table 14), suggesting that if multiple communities within
a region limit their sprawl, tornado impact magnitude and probabilities should be greatly
reduced.
The MonoMic morphology is representative of multiple micropolitan cities, or
communities, within the region. The restriction of high HU density, metropolitan development
and the creation of many small, isolated suburban HU density communities notably influences
impact probabilities and magnitude. The MonoMic surface yields higher median and mean
impacts compared to the 2010 observed surface. The greater number of micropolitan
communities within the region leads to elevated average impacts because the odds of a tornado
traversing suburban land use is increased. However, because of the increased number of
micropolitan communities, impact variability is less than the observed surface’s impact
variability. Annual MonoMic 95th percentile HU impacts are also halved when compared to the
observed surface because of its lack of large metropolitan communities that can exacerbate
impact magnitude. MonoMet and MonoMic impact trends are counter to each other (Figure 22);
while the MonoMet surface reduces median and mean impact potential, the MonoMic surface
inflates median and mean impacts because of its more spread out, suburban communities. Yet,
because of the MonoMic’s lack of high-HU density, urban communities, 10,000 HU, 15,000 HU,
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and 20,000 HU impact threshold probabilities are notably lower than the MonoMet and observed
surfaces (Table 14). MonoMic 10,000 and 15,000 HU impact thresholds are 7.3% and 9% less,
respectively, than the MonoMet threshold probabilities.
The MetMic surface combines multiple metropolitan and micropolitan communities
within the same region. Although a more stringently controlled land use, this type of pattern is
similar to the development shape and character many U.S. regions experience. Similar to the
MonoMet surface, this type of morphology reduces median impact, increases mean impact, and
amplifies impact variability, suggesting that this type of land use pattern may marginally reduce
average tornado impacts due to its more compact HU morphology compared to the observed
surface. In general, the MetMic surface contains the lowest 1,000 HU impact threshold
probability compared to the MonoMet and MonoMic (Table 14).
In all, the regional results suggest that concentrating HUs into smaller development
clusters reduces median and mean tornado impacts but intensifies impact variability and disaster
potential (Table 13; Figure 22). Increasing sprawl lowers impact variability and 95th percentile
but increases median impact magnitudes. Thus, there is an impact trade-off between sprawl and
concentrated growth.
5.5.4 Metropolitan scenarios
The metropolitan (Wichita, KS) land use morphologies indicate that sprawling and
concentrated development types strongly influence tornado impact potential at the community
scale (Table 15; Figure 23). For example, metropolitan area with sprawling land use character
will result in more frequent tornado impacts that are mid- to lower-magnitude (POE < 0.5), while
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Table 15: As in Table 13, except for the Wichita, KS domain.
Std.
99th
Surface
Median Mean
Dev. percentile
Observed
35
428 1,342
5,492
Monocentric
4
413 1,462
7,444
Uniform
183
426
717
3,424
Suburban
0
410 1,289
6,164
Urban
0
459 1,742
8,406
Concentrated Urban
0
388 2,722
10,600
Hyper-concentrated Urban
0
468 3,241
15,011
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Figure 23: Probability of exceedance curves (POE) for the Wichita, KS observed (black lines)
and idealized land use morphology surfaces (red lines) (A-F). Panel G represents all
metropolitan idealized surface POE curves on a single plot compared to the 2010 observed
surface (thick black line).
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simultaneously reducing high-end impacts. Conversely, a more concentrated land use pattern
leads to lessened mid- to low-impact tornado events whilst amplifying high-end impact potential
and magnitude. A more compact HU density metropolitan pattern will also enhance impact
variability because of the stark contrast between undeveloped and developed land.
The primary benefit of examining tornado impact magnitude and disaster potential at the
metropolitan scale is that it permits the analysis of potential “worst-case” tornado event
frequency, magnitude, and probability. By focusing on the 99th percentile and tornado impact
threshold probabilities (Table 15 and 16), a greater understanding of the relationship between
land use and tornado disaster potential at the local scale is reached. The observed metropolitan
control surface has a 37.1% probability of 100 HUs affected in a given year and a 5.6% chance
of 2,000 HU affected in a given year (Table 16). These impact threshold statistics indicate that
there is a 2% probability every year that a tornado disaster on the scale of the 2013 Moore, OK
tornado (approximately 3,500 HUs affected; Atkins et al. 2014) could impact the Wichita, KS
community.
Table 16: Annual tornado impact magnitude probabilities for
the Wichita, KS observed and idealized land use surfaces.
Housing unit (HU) magnitude impact threshold probabilities of
100; 500; 1,000; 1,500; and 2,000 are highlighted.
Threshold (Annual # HUs
Affected)
Surface
100
500 1,000 1,500 2,000
Observed
0.371 0.185 0.114 0.077 0.056
Monocentric
0.222 0.139 0.104 0.081 0.063
Uniform
0.640 0.251 0.108 0.059 0.032
Suburban
0.229 0.173 0.124 0.088 0.063
Urban
0.154 0.131 0.108 0.092 0.074
Concentrated Urban
0.058 0.050 0.047 0.044 0.041
Hyper-concentrated
0.047 0.039 0.038 0.037 0.036
Urban
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Although the Wichita metropolitan area can be described as monocentric in character, the
idealized land use surface represents and ideal monocentric form (Figure 20.B). The total
number of HUs in each land use class (i.e., urban, suburban, exurban, and rural) within the
metropolitan domain were grouped into congruent land use categories and placed in a radially
outward expanding monocentric pattern (Figure 23). Due to the more compact HU density
pattern found with the monocentric morphology, impact 99th percentile is 36% (7,444 HU)
greater than the 2010 observed, or control, pattern. In addition, the monocentric surface has
greater 1,500 HU and 2,000 HU impact potential compared to the metropolitan observed control
as a result of the more concentrated land use pattern (Table 15). In general, results from the
monocentric surface test illustrate that by grouping development by land use classes and creating
more centralized and controlled HU morphology, tornado impact potential and societal exposure
is decreased.
Analogous to the regional experiments (section 5.b), the metropolitan uniform, suburban,
urban, concentrated urban, and hyper-concentrated urban idealized surfaces (Figure 20.C-G,
respectively) represent increasingly concentrated HU density in a monocentric pattern. As
expected, increasing HU density at the metropolitan level increases 99th percentile impact
magnitude, although the total area of developed footprint is reduced (Table 15). Although the
more sprawling uniform surface comprises a lower 99th percentile impact magnitude than all
other metropolitan morphologies, this type of land use indicates that there is still a 1% chance
that as many as 3,000 HUs could be affected in a given year. Comparatively, the urban
morphology contains a 5% annual chance of 3,000 HUs or more may be damaged. To put these
impact values in perspective, Atkins et al. (2014) estimated the number of residential structures
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damaged by the 2013 Newcastle-Moore, OK tornado to be 3,531 HUs. The Wichita, KS
metropolitan suburban and urban surfaces’ 99th percentile impact magnitudes are 75% and 128%
greater, respectively. In addition, there is 3-4% chance that more than 3,500 HUs would be
affected by significant tornadoes with the suburban and urban surfaces. The urban morphology
has the greatest odds for annual significant tornado impact of 2,000 HU or greater (Table 16).
Although the 99th percentile of impacts for the concentrated and hyper-concentrated urban
morphologies are the highest of all idealized surfaces, their individual 2,000 HU impact
threshold probabilities are lower than the suburban and urban surfaces (Table 16). This outcome
indicates that, although the HU density is greater in the concentrated urban and hyperconcentrated urban morphologies, even high-end tornado impact probabilities at the metropolitan
level are reduced because of more concentrated land use character. Overall, the metropolitan
simulation results illustrate that, as sprawl is constrained, tornado exposure is also reduced.
Restricting the outward expansion of development at the metropolitan level will lower the odds
of significant tornado impacts.

5.6 Conclusions and discussion

It has been illustrated through idealized regional and metropolitan land use patterns that
tornado impact magnitude and probability are strongly influenced by the spatial character of the
residential built environment. Given disaster magnitude and frequency is a product of both builtenvironment magnitude and geographic shape, in order to assess the relative influence of land
use shape, structure, and morphology, land use magnitude must be held constant. Findings
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suggest that regions and communities should limit sprawl to reduce tornado impact potential.
Thus, by controlling for HU magnitude (i.e., the total number of HUs within the domain), the
study was able to isolate the effects of land use character on tornado disaster potential.
However, simply moderating sprawl to lower tornado impacts does not come without
consequences. Concentrating development may lead to a greater number of people and homes
potentially affected by a significant tornado event if a path were to cross that dense HU core.
Although tornado disaster magnitude might be elevated with a more compact built-environment
form (e.g., regional urban, concentrated urban, hyper-concentrated urban, etc.), the likelihood a
tornado traverses compact development decreases incrementally as HU density and the
geographic area of development is minimized.
Many current land-use planning strategies focus their efforts on protecting communities
from floods (e.g., Bell and Morrison 2015), tropical storms (e.g., Frazier et al. 2010),
earthquakes (e.g., Burby 2000; Johnson 2011), landslides (e.g., Cascini et al. 2005; Glade et al.
2006), and wildfires (e.g., Theobald and Romme 2007; Fleeger 2008), while very little attention
has been given to the tornado hazard. Most of the tornado disaster mitigation efforts have
centered on improving communities and structures following a devastating event (e.g., 27 April
2011 Southeast tornado outbreak (Prevatt et al. 2012); 2011 Joplin tornado (Prevatt et al. 2013);
2013 Newcastle-Moore, OK tornado (Simmons et al. 2015)). It is contended that greater
emphasis should be placed on preemptive tornado disaster mitigation strategies, such as
improving building codes, allocating funding for retrofitting existing structures so that they are
more wind-resistant, or for safe room implementation. These proactive—rather than reactive—
tornado disaster mitigation strategies should be implemented in areas with enhanced tornado
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risk, societal exposure, and disaster potential (e.g., Central Plains, Southeast U.S., etc.). Since
1980, 47% of all billion dollar weather-related disasters in the Central Plains and Southeast U.S.
have been associated with severe storms and tornadoes (NCDC 2016). Many of these States’
disaster mitigation plans consider land-use planning as a sound mitigation strategy for hazards
such as floods, but do not provide strategies toward effective land use or city planning in the
context of reducing tornado disaster probability and magnitude. Some of the resistance to
implementing new zoning policies aimed at reducing tornado disaster impacts is due to the lack
of scientific research on the topic as well the non-stationarity in tornado hazard occurrence. For
example, understanding a community’s vulnerability to flooding is much more apparent than
defining its tornado vulnerability because the geographic position and source of the flooding
(e.g., river, coastal, etc.) is generally known. Nevertheless, this research presents an initial step
toward understanding how land use planning and zoning policies at the regional and
metropolitan level could attenuate tornado impact and disaster consequences.
Engaging in land use planning practices aimed at reducing hazard impacts may not only
lower societal exposure to tornadoes but also enable regional/city planners, emergency
managers, and policy makers to improve community resiliency. The adoption of land use
planning practices that balance environmental and development issues at the federal, state, and
local levels could potentially increase resilience but also aid in the mitigation of future disasters
(Cutter et al. 2008). At the regional and local level, limiting societal exposure to hazards such as
tornadoes may improve community resilience by taking long-term sustainability options into
account, developing a sense pride and comradery within the community, fostering partnerships
with local citizens and elected government officials that strengthen segments of society often
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more vulnerable to hazards, and planning at an appropriate local scale that is not only
economically beneficial but also alleviates the need for decisions at the state and federal levels
(Tobin 1999; Lambert et al. 2015). Communities that practice smart growth ideologies such as
compact building design, fostering a strong sense of place, making fair and cost-effective
development types, encouraging citizen, stakeholder participation in land use and city planning
decisions, etc. may also improve community sustainability and disaster resilience (EPA 2016).
In addition, reducing tornado exposure also has implications on the pricing of insurance and
reinsurance policies (Daneshvaran and Moreden 2007). Communities that reduce their tornado
exposure while focusing their efforts on improving disaster resilience may ultimately see a drop
in their insurance rates and/or premiums.
Overall, this research provided a perspective to disaster potentiality, which may be used
to address policy or affect changes in policy that could be implemented on both short- and longterm horizons. Along with the continued improvement of state and local building codes to
address tornado built-environment vulnerability, adopting zoning policies that consider tornado
impact potential and magnitude may reduce tornado disasters in the future. Improving
community resilience to tornadoes and other hazards through effective policy will increase
survivability while also reducing economic impact when an event occurs.
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CHAPTER 6
PROJECTED 21ST CENTURY CHANGES IN TORNADO RISK,
EXPOSURE, AND DISASTER POTENTIAL

6.1 Abstract

This study assesses how changes in tornado risk and societal exposure to the hazard may
influence future tornado impacts in the central U.S. A Monte Carlo model that simulates
thousands of significant tornadoes and estimates their potential impacts on an underlying
residential built environment exposure surface is used in an experimental control framework to
assess how the tornado disaster constituents of risk and exposure interrelate. Results suggest
that, although the forecast 21st century escalation in tornado risk will play a role in increasing
disaster consequences and frequency, growth in the human-built environment is projected to
outweigh the effects of increased risk on future disaster potential. Allowing exposure to change
throughout the 21st century, while holding constant the tornado risk, results in nearly a doubling
of high-end tornado impact potential by 2100. Median annual tornado impact potential is
projected to be 1.5 times greater in 2100 when controlling for exposure and permitting tornado
risk to increase over the next 85 years. Although changes in exposure are forecast to
overshadow potential future changes in tornado risk, the combination of both an increase in risk
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and exposure may lead to threefold increase in median annual tornado impacts and disaster
potential from 2010 to 2100.

6.2 Introduction

Weather-related disasters and losses have been increasing rapidly over the past 60 years
(Bouwer 2011; IPCC 2012). As a result, there is much debate in the hazard assessment and
climate change communities as to the attribution, or cause, of this escalating disaster trend.
Though attribution science is in its infancy, most of the research has focused on changes in
risk—i.e., how the frequency and magnitude of floods, tropical cyclones, or other hazards is
altered as a result of anthropogenic influences (Peterson et al. 2013; Kunkel et al. 2013). While
risk and associated hazard characteristics are an important component of disaster creation, the
consequences of hazards are often driven by underlying human and built-environment
vulnerabilities. Yet, there has been little research conducted on how the evolving contributors of
risk and vulnerability commingle to produce disaster potential. How do these disaster
components interplay and, as each change, will their interaction lead to greater probabilities of
future disaster? Is risk or the vulnerability constituent of exposure the greater contributor to this
change in potential?
In this study, these questions are assessed by investigating a single hazard—the
tornado—and evaluate its potential consequences by integrating, for the first time, projections of
future tornado hazards with forecast residential built environment data and modeled future severe
weather environments. Specifically, an experimental control framework is employed to examine
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how the changing constituents of human exposure and tornado risk may be “loading the disaster
dice”, establishing expectations of future societal impacts.

6.3 Background and research motivation

The increasing frequency and consequences of weather-related disasters have been
documented and examined in recent years; yet, identifying the attribution of this amplification
continues to challenge scholars and spark intense debate in the media (e.g., Huggel et al. 2013;
Mohleji and Pielke 2014; Pielke 2014). Broadly, the impacts from weather-related disasters are
a function of both climate and society (Changnon et al. 2000; Bouwer 2011, 2013; IPCC 2012,
2014). While the climate, or risk, of severe thunderstorms may be changing (Brooks 2013;
Tippett et al. 2015), amplified exposure due to societal change and economic growth is
considered to be an important factor in increasing disaster impacts (Kunkel et al. 1999; Pielke
2005; Hoppe and Pielke 2006; Bouwer 2011; IPCC 2012, 2014; Mohleji and Pielke 2014; Visser
et al. 2014), especially for tornadoes (Brooks and Doswell 2003a; Simmons et al. 2013; Ashley
et al. 2014; Visser et al. 2014; Ashley and Strader 2015).
Prior investigations (Dixon and Moore 2012; Rosencrants and Ashley 2015, Ashley and
Strader 2016) have examined elements of both societal exposure and tornado risk, but the scale
of analysis, data fidelity, limited period of record, and the complexity of the interactions of these
constituents constrained the extent of findings, especially for future possibilities. Recently, there
has been an increase in research exploring potential changes in severe weather risk through
global climate models and additional nesting and downscaling techniques (Trapp et al. 2007a, b,
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2011; Diffenbaugh et al. 2013; Gensini and Mote 2014a, b). However, no studies have assessed
the potential of tornado disasters in the future while examining both disaster ingredients of risk
and exposure. Indeed, Bouwer (2013) and Huggel et al. (2013) remark, respectively, that “it is
striking” that most of the previous research assessing impacts does not take into account changes
in exposure as an important driver of changes in the disaster landscape and that the concept of
risk is not used in a coherent way in research concerned with attribution of extreme events and
disasters to climate change.

6.4 Data and methods

This research directly confronts concerns and deficiencies about the attribution of
extreme events within the context of climate change by providing a structure for appraising how
exposure, risk, and, most importantly, their synergy are altering the disaster landscape. To do so,
a fine scale-resolution housing unit density model, as well as spatial modeling, statistical
resampling, and analytic approaches on observed tornado data and proxy reports from modeled
severe storm environments in the future are employed.
6.4.1 Spatially Explicit Regional Growth Model (SERGoM) and Integrated Climate and Land
Use Scenarios (ICLUS)
The Spatially Explicit Regional Growth Model (SERGoM) and Integrated Climate and
Land Use Scenarios (ICLUS) housing unit (HU) forecasts were employed to approximate future
changes in societal exposure to significant (EF2 and greater on the enhanced Fujita scale)
tornadoes because U.S. decennial census geographical units of aggregation differ from one
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census to another at the finest spatial scale (block-level). In addition, block-level enumerations
are also temporally restricted (i.e., available solely from 1990 onward across the conterminous
U.S.). The SERGoM was partly developed to in order to control for these shortcomings with its
output consisting of gridded, decadal, fine-scale (100-m) historical HU density forecasts across
the Conterminous U.S. for the years of 1940 through 2000 (Theobald 2005). SERGoM HU
estimate accuracy and bias was measured with a hindcast technique using the U.S. Census
Bureau historical HU enumerations, revealing accuracies from 80% to 91% across the
conterminous U.S. (Theobald 2005). The ICLUS group used the SERGoM model and methods
to approximate potential future changes in HU counts and developed land from 2000 to 2100.
The SERGoM baseline U.S. Census Bureau county population growth rates, travel time to urban
centers (business districts), and household (family size) size were adjusted by the ICLUS group
to correspond with the Special Report Emission Scenario (SRES) A1, B1, A2, and B2 storylines
(EPA 2009; Bierwagen et al. 2010). For this particular study, I focus on the SRES A2 storyline
because it represents the “worst-case” emissions and most aggressive future HU SRES growth
storyline.
6.4.2 Tornado Impact Monte Carlo model (TorMC)
The Tornado Impact Monte Carlo (TorMC) model simulates tornado events and
estimates their impact or cost on an underlying cost surface (Strader et al. 2016). TorMC model
methods, components, and options are explicitly outlined in Strader et al. (2016). The TorMC is
used to simulate 10,000 years of significant tornado footprints (i.e., path length multiplied by
path width; theoretical maximum extent of tornadic winds) across the study domain (Figure 24).
Significant tornadoes were utilized since they have been responsible for a majority of tornado
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fatalities and reported damage since 1950 (Ashley 2007; Simmons and Sutter 2011) and their
counts have been relatively stable over the last 60 years (Verbout et al. 2006; Brooks et al.
2003a; Doswell 2007). Additionally, this investigation uses solely annual observed tornado
counts from 1954 to 2015 because trends in annual significant tornado counts for this period are
considered stable (Agee and Childs 2014). Simulated tornado footprint width was determined by
Weibull distribution parameters associated with tornado intensity or magnitude (Brooks 2004).
Simulated tornado path lengths, azimuths, and intensity ratings were selected by using a
bootstrap, random selection with replacement technique on the historical tornado paths from
1954 to 2015 within the research domain. The TorMC model also ingests a weighting surface
that controls simulated significant tornado initiation locations throughout the region (see Figure 1
in Strader et al. 2016). Lastly, the TorMC assesses simulated tornado costs using an “intersect”
cost-extraction method (see Figure 4 in Strader et al. 2016) in conjunction with the underlying
HU surface. This cost-extraction method ensures all HU grid cells intersecting a tornado
footprint are included in tornado footprint cost estimation.
6.4.3 Future risk and exposure experiments
Recent research (Trapp et al. 2007a, b; Diffenbaugh et al. 2013; Gensini and Mote
2014b) reveals that the number of days with severe thunderstorm events, including days
supportive of tornadic storms, is likely to increase over the U.S. in the mid and late 21st century.
In addition, prior studies have concluded that U.S. population and built-environment will
continue to increase over the next 85 years (EPA 2009). In order to assess whether future
changes in tornado risk or exposure will be the primary driver in 21st century U.S. tornado
disaster potential, a four-step approach is utilized (Table 17). The study follows a pragmatic
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experimental “control” methodology framework by holding one variable (i.e., exposure or risk)
constant and evaluating change in the other variable. The TorMC model is utilized to simulated
10,000 years of significant tornadoes and estimate their impact magnitude for each risk-exposure
surface. To provide a baseline assessment and representation of current tornado risk and
exposure, a control risk surface was generated by taking historical (1954-2015) significant
tornado events and mapping their frequency on an 80-km fishnet grid within the research domain
(Figure 24). A gridded spatial resolution of 80-km was chosen because it represents the Storm
Prediction Center’s defined probability of severe weather within 25 miles of a given location
(Brooks et al. 2003a). Due to the relatively short observed tornado record (<65 years), a lowpass filter was applied to the significant tornado frequency grid to provide a representative
climatology of significant tornadoes for the region. The TorMC model employs this baseline
risk surface to climatologically influence the simulation of 10,000 years of significant tornadoes
and their impacts on the underlying 2010 HU exposure surface. Results from the control riskexposure surface simulation are gathered in the form of annual tornado impact descriptive
statistics (mean, median, standard deviation, 95th percentile, and 99th percentile) as well as a
probability of exceedance (POE) curve (Strader et al. 2016). In general, these findings serve as
a baseline, or control, for comparing the changing risk-constant exposure, changing exposureconstant risk, and changing risk and exposure simulation results (Table 17).
First, a baseline, or control, scenario is generated by combining risk derived from
historically observed tornado events and exposure from the 2010 HU data (Figure 24). The
TorMC model is used to simulate 10,000 years of tornado events and their associated costs using
the baseline control scenario risk and exposure variables. Impact descriptive statistics from this
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Table 17: Four-step experimental control methodology with selected exposure and risk
simulation scenario combinations.
Simulation scenario
Exposure variable
Risk variable
SERGoM- ICLUS
Baseline control
Historical EF2+ tornado risk
2010
Changing risk;
constant exposure

SERGoM- ICLUS
2010

50% increase in EF2+ frequency
and annual variability

Changing exposure;
constant risk

SERGoM- ICLUS
2100 (A2)

Historical EF2+ tornado risk

Changing risk
and exposure

SERGoM- ICLUS
2100 (A2)

50% increase in EF2+ frequency
and annual variability
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Figure 24: Study domain (black box) illustrated with Panel A) 2010 housing unit (HU) exposure
surface; Panel B) 2100 (A2) HU exposure surface; Panel C) all EF2+ tornado paths from 1950 to
2015; and Panel D) low-pass filtered EF2+ tornado path frequency from 1950 to 2015.
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simulation are compared with those from the future risk-exposure scenarios to assess how future
tornado disaster probability might be altered in the 21st century.
The second step in the pragmatic experimental approach is to adjust the baseline tornado
risk landscape as a means of exploring future tornado risk in the U.S. Specifically, the TorMC
simulations are modified by employing prior research findings (Trapp et al. 2007a, b; Brooks et
al. 2014; Diffenbaugh et al. 2013; Gensini and Mote 2014b; Tippett et al. 2015) in two ways: 1)
increasing the mean annual number of significant tornadoes to simulate and 2) escalating
significant tornado occurrence annual variability. The mean annual frequency and variability of
significant tornado events simulated in each TorMC run are increased by 50% (percentages
supported by the findings in the aforementioned research) to examine how a “worst-case” future
tornado risk escalation may influence tornado impacts. This altered tornado risk surface is then
used in conjunction with the 2010 HU surface and the TorMC model to estimate the relative
influence of changing tornado risk on future disaster potential. Although, the population and
built-environment has continued, and will continue, to grow beyond 2010, holding constant the
total number and geographic character of land use isolates the effect solely increasing tornado
risk has on future tornado impact potential.
The third portion of the experimental control methodology assumes no changes in future
tornado risk while allowing the underlying residential built environment to grow and expand.
Tornado risk from the baseline step is held constant, 10,000 years of significant tornadoes are
simulated, and their estimated impact on the 2100 (A2) HU landscape. This process isolates the
influence of changing societal exposure on 21st century tornado impact probability and disaster
potential within the study domain.
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Lastly, both risk and exposure are allowed to change, producing a scenario that is likely
more representative of disaster potential in the future. This approach captures both the influence
of future changes in tornado risk and societal exposure on tornado impact potential. Again,
TorMC simulation results for each scenario are compared against each other and the baseline
using annual tornado impact descriptive statistics (mean, median, standard deviation, 95th
percentile, and 99th percentile) as well as POE curves.

6.5 Results
6.5.1 Baseline control scenario
The baseline, or control, simulation estimates tornado impact and disaster probability
using the 2010 HU surface and tornado risk that is consistent with the historically observed data
(1954-2015). Baseline simulation results indicate that the expected median and mean annual
number of HUs affected by significant tornadoes in the domain is 9,330 HUs and 11,416 HUs,
respectively, while the standard deviation is 8,214 HUs (Table 18; Figure 25). The 95th and 99th
percentile of annual impacts represent high-end impact magnitudes that would likely represent an
extremely devastating year with multiple tornado disasters. The baseline scenario produces a
95th and 99th annual impact magnitudes of 26,490 HUs and 41,023 HUs, respectively, suggesting
that in 2010 there was a 5% chance that as many as 26,500 homes could have been affected by
significant tornadoes. Annual impact threshold statistics (Table 19) illustrate that there is an
81% chance that greater than 5,000 HUs and 0.7% chance that greater than 75,000 HUs could be
damaged in a given 2010 baseline control simulation year. At the individual tornado scale, there
is also a 20% and 0.97% chance that a single tornado in a given 2010 simulation year will affect
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Table 18: Study region annual tornado impact statistics (HU) by simulation scenario.
Std.
95th
99th
Simulation scenario
Median Mean
Dev.
percentile percentile
Baseline control
9,330
11,416
8,214
26,490
41,023
Changing risk; constant exposure
Changing exposure; constant risk

14,488
15,847

17,292
20,571

11,387
16,614

38,591
52,006

55,785
82,731

Changing risk and exposure

25,311

31,200

22,584

73,037

108,821

Figure 25: Baseline (grey dashed), changing risk-constant exposure (orange), changing
exposure-constant risk (red), and changing risk and exposure (black) probability of exceedance
(POE) curves for the domain.
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Table 19: Annual tornado impact magnitude probabilities for the region by
simulation scenario. Housing unit (HU) magnitude impact threshold probabilities
of 5,000, 10,000, 25,000, 50,000, and 75,000 are provided.
Threshold (Annual # HUs Affected)
Simulation scenario
5,000 10,000 25,000 50,000 75,000
Baseline control
0.813 0.458 0.061 0.009 0.007
Changing risk; constant exposure

0.948

0.718

0.189

0.017

0.008

Changing exposure; constant risk

0.933

0.730

0.277

0.057

0.014

Changing risk and exposure

0.984

0.900

0.506

0.154

0.046

at least 50 HUs or 5,000 HUs, respectively (Table 20). It should be noted that these annual
impact magnitudes are subject to systematic error that results in positive bias. This potential
impact overestimation can be attributed to the tornado cost-extraction method used (Strader et al.
2016), the SERGoM-ICLUS modeled HU density computational and spatial limitations
(Theobald 2005; EPA 2009), and the tornado footprint representation of a tornado path (i.e., a
theoretical tornado footprint (length x width)) that may overestimate actual tornado damage
paths by up to 50% (Strader et al. 2015a). Thus, the study stresses the importance of relative
differences between impact statistics for each of the tornado risk-exposure scenarios.
6.5.2 Changing risk-constant exposure scenario
Results from the changing risk-constant exposure and changing exposure-constant risk
scenarios provide insight about the relative effects of risk and exposure on future 2100 impact
and disaster probability. The changing risk-constant exposure scenario combines an increased
21st century risk (50% increase in annual significant tornado frequency and variability) with the
2010 HU surface. This scenario represents a case where population growth is abruptly stopped
in 2010 and remains constant for the next 90 years (2010-2100), while climate change increases
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Table 20: Individual simulated tornado impact magnitude probabilities for the region by
simulation scenario. Housing unit (HU) magnitude impact threshold probabilities of 50,
100, 250, 500, 1,000, and 5,000 are provided.
Threshold (# HUs Affected)
Simulation scenario
50
100
250
500
1,000
5,000
Baseline control
0.2071 0.1381 0.0719 0.0395 0.0196 0.0097
Changing risk; constant exposure
Changing exposure; constant risk

0.2075
0.2291

0.1380 0.0721 0.0395
0.1602 0.0932 0.0580

0.0195
0.0343

0.0097
0.0099

Changing risk and exposure

0.2288

0.1602 0.0933 0.0579

0.0342

0.0100

tornado risk. Compared to the baseline simulation results, the changing risk-constant exposure
scenario yields increased median, mean, standard deviation, 95th and 99th percentile impact
statistics (Table 18; Figure 25). Because of increased risk, median and mean annual tornado
impact magnitudes are 55% (5,158 HUs) and 52% (5,876 HUs) greater than the baseline.
Changing risk-constant exposure impact standard deviation is also 3,173 HUs larger than
the baseline control indicating a rise in impact variability. The 95th and 99th percentile impact
magnitudes for the changing risk-constant exposure scenario are also enlarged 46% (12,101
HUs) and 36% (14,762 HUs) due the effects increased risk. Increasing the frequency of
significant tornadoes in the future has a much more profound effect on disaster potential
compared to increasing the annual variability. No major differences in impact statistics
associated with escalating annual tornado frequency variability by 100% or 50% were
discovered.
The changing risk-constant exposure tornado impact threshold statistics also suggest that
there will be an uptick in the impact magnitude at the yearly aggregated impact thresholds, but
not at the individual tornado level (Tables 19 and 20). This outcome was expected due to the
combination of annual increases in tornado risk and the use of the 2010 HU surface to estimate
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tornado costs. Annual impact threshold statistics are expected to be anywhere from 14% (75,000
HU impact threshold) to 210% (25,000 HU impact threshold) greater than the baseline scenario.
6.5.3 Changing exposure-constant risk scenario
Holding constant tornado risk and allowing exposure to increase from 2010 to 2100
(SRES A2) also leads to greater future median, mean, standard deviation, and 95th and 99th
percentile annual impact magnitudes. The median, mean, and standard deviation impact
magnitudes for the changing exposure-constant risk scenario are 70% (6,517 HUs), 80% (9,155
HU), and 102% (8,400 HUs) greater than the baseline statistics. Changing exposure-constant
risk 95th and 99th percentile annual impacts are approximately two times greater than the baseline
scenario. This doubling of disaster potential is attributed to the projected rapid growth in HUs
within the domain from 2010 to 2100. Over the 90-year period, the total number of HUs in the
domain is forecast to increase 28.6 million with urban, suburban, and exurban land use footprints
enlarging 10,329 km2, 23,088 km2, and 12,112 km2 respectively (Table 21). Again, annual
impact threshold statistics illustrate that increasing 21st century exposure may lead to greater
impact potential, especially for high-end (i.e., 25,000 HUs, 50,000 HUs, and 75,000 HUs)
magnitudes. At the individual tornado scale, changing exposure-constant risk impact thresholds
are forecast to increase as much as a 75% for the 5,000 HU impact threshold (Table 20). An
individual tornado impact magnitude of 5,000 HUs is 1.4 times the number of homes damaged in
the 2010 Newcastle-Moore, OK EF5 tornado (Atkins et al. 2014).
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Table 21: Total number of housing units (HU) in 2010 and 2100 (A2), total developed
land area (km2) by urban, suburban, exurban and rural land use classification, and the
absolute and percentage change in HUs or land use area from 2010 to 2100.
Land use area (km2)
Exposure surface and statistics HU count
Ur
Su
Ex
Ru
2010
35,510,072 6,038 37,670 416,657 1,294,262
2100 A2
64,101,221 16,367 60,758 428,769 1,248,733
Absolute change (HU)
Percentage change (%)

28,591,149 10,329
80.52
171.06

23,088
61.29

12,112
2.91

-45,529
-3.52

Comparing the changing risk-constant exposure and changing exposure-constant risk
scenarios results suggests that increasing societal exposure will have a greater influence on
future tornado impact magnitude and disaster potential compared to potential climate change
driven alterations in tornado risk. For example, although both changes in tornado risk and
exposure lead to increased HU impacts in the future, the difference between the baseline impact
magnitudes and the changing exposure scenario results is much larger. In fact, median and 95th
percentile changing exposure-constant risk annual impact values are 10% and 35% greater,
respectively, than those associated with the changing risk-constant exposure scenario (Table 18).
The POE curves also provide insight into the differences in future risk and exposure as it
pertains to tornado disaster potential (Figure 25). For example, the greater spacing, especially
from POE = 0.5 to POE = 0.05, between the baseline and the changing risk-constant exposure
scenarios highlights how the effects of exposure have a greater effect on future impacts and
disaster potential. POE curve shape differences between the constant risk and constant exposure
scenarios illustrate that the effects of solely increasing risk are much stronger for low-end (POE
< 0.7) annual impact magnitudes. Only greater than POE = 0.7 does the changing exposureconstant risk POE curve begin separate itself from the changing risk-constant exposure POE
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curve (Figure 25). Because 21st century changes in exposure comprise both elements of an
increasing total number of HUs and escalating developed land area (i.e., sprawl), it is surmised
that the majority of the difference between changing risk and changing exposure POE curves
from POE < 0.7 and POE > 0.05 is due to the effects of sprawl, or “spreading out”, of HUs
across geographic space from 2010 to 2100.
6.5.4 Changing risk and exposure scenario
A more probable future scenario is that both environmental and societal changes will act
together to alter tornado disaster probability. The results of these two disaster constituents
working together may increase median and mean annual impacts as much as 170% (Table 18).
Moreover, annual tornado variability could be as much as 2.75 times higher by 2100 given the
effects of increasing risk and exposure in the future. The 95th and 99th percentile are also
forecast to increase 176% and 165% by 2100 for the changing risk and exposure scenario.
Annual impact thresholds of 25,000 HUs, 50,000 HUs, and 75,000 HUs are all projected to be at
least 6.5 times more probable in 2100 than 2010. Individual impact threshold statistics for the
changing risk and exposure scenario are nearly identical to the changing exposure-constant risk
threshold probabilities because both scenarios employ the 2100 (A2) exposure surface.

6.6 Conclusions

This study employed a pragmatic experimental control methodology in conjunction with
forecast tornado risk and demographic data to assess the relative contributions of each disaster
constituent on future tornado impacts. Using Monte Carlo simulations that consider both tornado
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risk and societal exposure, the research revealed that changes in societal exposure are more
important than changes in climatological risk in fostering future tornado disaster potential.
However, the combination of increasing tornado risk and exposure surpasses the effects of
changes solely in tornado risk or exposure during the 21st century. Results illustrate that
locations in high-risk tornado regions (e.g., Atlanta, GA; Chicago, IL; Dallas-Fort Worth, TX;
St. Louis, MO; etc.) may experience increased disaster potential in the future. Moreover,
historically vulnerable regions—such as the southeastern U.S.—may be at greater risk of tornado
disaster due to the combined effects of increasing tornado risk (Trapp et al. 2007a, b; Brooks et
al. 2014; Diffenbaugh et al. 2013; Gensini and Mote 2014b; Tippett et al. 2015), rapidly
amplifying exposure (Ashley and Strader 2016), and a complex tapestry of preexisting social and
physical vulnerabilities (Ashley 2007, Ashley et al. 2008, Simmons and Sutter 2011).
Findings presented in this study highlight, for the first time, how tornado risk and societal
exposure may potentially lead to greater tornado disaster probability in the future. Regions and
communities in at-risk locations in the U.S. should take proactive measures to help combat the
effects of increasing tornado disaster potential. Disaster mitigation strategies that attempt to
make communities more resilient by taking tornado risk and exposure into account will
ultimately become more important as the consequences of increased risk and exposure are
realized in the future. Building of storm shelters or safe rooms (Merrell et al. 2002; Paton and
Johnston 2006; Simmons and Sutter 2007; Prevatt et al. 2012; Simmons et al. 2015), improved
hazard risk communication and warning dissemination systems (e.g., Wacinger et al. 2013), the
retrofitting of existing structures so they are more resilient, the adoption of new and enforcement
of existing building codes (Prevatt et al. 2012; Simmons et al. 2015), and the implementation of

145
new zoning policies that consider hazard risk (Godschalk et al. 1998; Burby et al. 2000; Pearce
2003; Mann et al. 2014; IPCC 2014) may act together to reduce the effects of future tornado
events.
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CHAPTER 7
SUMMARY AND CONCLUSION

7.1 Overview

The overarching goal of this dissertation was to assess how changes in tornado risk and
exposure have influenced and may potentially influence future tornado impact probability and
disaster severity. Historically observed tornado data and high-resolution demographic data
(SERGoM-ICLUS) were used in conjunction with the Tornado Impact Monte Carlo model
(TorMC) to examine historical and a variety of potential future changes in tornado impact
potential for at-risk regions in the U.S. Overall, study findings illustrate that as the human-built
environment grows and expands across the landscape tornado impact and disaster probability
increases (Chapter 2). This process has been coined the “Expanding Bull’s Eye Effect”. Much
like an archer shooting their arrows (tornadoes) at a target (built environment development), as
the target grows in size the odds of the archer hitting a bull’s eye (disaster) is increased. Thus, as
cities and the developed footprint enlarges, the chance of societal impacts from tornadoes
increases.
The second manuscript (Chapter 3) of this dissertation addresses biases and
methodological limitations apparent in previous studies that have attempted to examine
spatiotemporal changes in tornado exposure. Prior research has been limited by the number of
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tornado disaster scenarios modeled, spatial resolution of the exposure/demographic data, biases
in the underlying historically observed tornado data, etc. The TorMC model was developed to
control for these shortcomings, as well as provide a better overall measure of how tornado
exposure and risk interact to generate tornado disaster potential at the metropolitan and regional
scales. The TorMC model, in combination with the SERGoM-ICLUS data, permitted the
investigations outlined in Chapters 4, 5, and 6 of this dissertation. Without the development of
the spatially explicit TorMC model, a majority of questions posed in this research could not have
been answered.
In the third manuscript (Chapter 4), the TorMC model was used to evaluate how changes
in societal exposure have, and may continue to, influence tornado disaster potential from 1940 to
2100. This manuscript investigates historical (1940-2000) and future (2000-2100) trends in
tornado impact potential for four high-risk (Central Plains, High Plains, Mid-South, and
Midwest) regions. A spectrum of future population-HU growth pathways (SRES A1, A2, B1,
B2, and BC) were also employed. Results reveal that, although the Central Plains region
experiences the greatest number of significant tornadoes on average, the projected rapid builtenvironment growth in the Mid-South combined with a relatively high significant tornado
frequency may lead to greater future tornado impacts compared to the other regions examined.
The Midwest and Central Plains regions have similar tornado disaster potential and changes in
tornado disaster potential, but for different reasons. Tornado impact probability in the Central
Plains is driven largely by greater tornado risk (i.e., more frequent significant tornado
occurrence), while disaster probability in the Midwest is controlled by a greater population
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magnitude and higher number of high-density population centers (e.g., Chicago, IL; St. Louis,
MO; Indianapolis, IN; etc.).
In the fourth manuscript (Chapter 5), the effects of increasing population and the builtenvironment were held constant so the relative influence of land use shape, structure, and density
on regional and metropolitan tornado impact potential could be assessed. Findings reveal that
enlarging the spatial footprint of developed land (i.e., sprawl) leads to more frequent tornado
impacts and greater disaster potential. Conversely, reducing developed land area and increasing
land use density lowers the odds for significant tornado impact. Results presented in this study
suggest that it is not solely the built-environment magnitude that influences tornado disaster
potential from an exposure stand point; the spatial character of land use is also important in
transforming societal exposure and tornado disaster potential. Outcomes from this study are
vitally important for the improvement of disaster mitigation strategies at the local and regional
scales.
The final manuscript of this dissertation (Chapter 6) evaluates whether projected 21st
century changes in tornado risk or exposure will be more important in generating future tornado
impact and disaster potential. Results presented in this manuscript suggest that although risk is
forecast to increase tornado disaster potential over the next 85 years, swelling built-environment
and exposure will be the primary driver of enhanced future disaster effects. The combination of
increasing tornado risk and exposure will lead to growth in median tornado impact by 2100.
Overall, results outlined in this manuscript indicate that locations that historically experience a
greater frequency of fatal tornadoes and most often comprise greater vulnerability (i.e., Southeast
and Ohio Valley), could experience the greatest negative effects of increasing in tornado disaster
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in the 21st century. In general, more proactive disaster mitigation efforts should be implemented
in regions prone to an increase in future tornado risk and societal exposure.
Overall, this dissertation provides important contribution to our understanding of the
complex interplay of physical exposure and risk in determining the character of weather disaster
impacts. The results from this study provide a quantitative foundation for what the expected
(statistical) distributions of tornado impacts will be in relation to the future geography of
development and disaster realization. The goal of the research was to spur critical thinking about
development, mitigation, and public policy strategies that may reduce future hazard impacts
while building resilience in the face of change.
Findings from this research may be used to address or affect policy on the short and long
term timescales. A better understanding of the interaction between future tornado risk and
exposure will inform land planners and policy makers about how best to implement premitigation activities (e.g., effective zoning, vulnerable land use conversion, and shelter/safe room
construction policies in high-risk areas, etc.) and strengthen long-term resiliency (e.g., improve
local and state building codes, local and regional long-term development plans, etc.). The study
has provided a theoretical, data-driven discussion on development patterns in the region and how
changes in long-term development strategies at the local level may provide a feedback loop in
terms of disaster reduction. This dissertation illustrates a range of futures so that government
representatives, emergency managers, insurance analysts, and decision makers in the research
domain can see what may occur, countering optimism and normalcy biases that may be present
among those groups due to possible lack of experience with events of scale. This promotes a
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proactive solution instead of reactive. Information, which we provide, and preparation, which
we frame, are primary traits of successful disaster mitigation.

7.2 Future work and research directions

Although this dissertation provides a crucial first-step in examining how tornado risk and
exposure act together to influence disaster potential in the U.S., future work incorporating a
variety of new data and methods will improve the overall understanding of future tornado hazard
consequences. For instance, although exposure is an important part of the human and/or system
vulnerability, vulnerability also contains elements sensitivity and adaptive capacity (Morss et al.
2011). To best capture disaster potential or changes in this potential, vulnerability constituents
(e.g., race, age, housing quality, etc.) should be included in future studies examining climate
change and societally driven 21st century changes in disaster potential. Additional risk variables
should also be considered in future studies. Previous studies (Trapp et al. 2007a; Diffenbaugh et
al. 2013; Gensini and Mote 2014b) have suggested not only temporal changes in future tornado
environments (i.e., longer spring tornado season and greater tornado frequency), but also a
spatial shift of severe weather environment frequency from the Central Plains towards the Ohio
Valley and Southeast. The effects of this spatial change should also be explored and
incorporated in future TorMC simulations that assess alterations in future tornado disasters.
Recent research has also illustrated the ability to produce proxy severe weather or
tornado reports based on dynamically downscaled global climate model data (Trapp et al. 2007a;
Diffenbaugh et al. 2013; Gensini and Mote 2014b). Future research will take advantage of
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results from these studies producing simulated future climate simulation data and use it to inform
the risk portion—specifically the tornado path generation feature—of the TorMC model.
Utilizing a variety of future climate scenarios (e.g., Community Climate System Model
(CCSM); Represented Concentrated Pathways (RCP); etc.) and their downscaled severe weather
or tornado proxy data will provide greater insight into how potential changes in future tornado
risk may affect 21st century disaster probability.
The TorMC model will also continue to be improved with additional functionality added
in subsequent versions. Improvements in simulation speed using parallel processing techniques,
the ability to generate more realistic tornado damage paths (i.e., not simple theoretical tornado
footprints (path length x width)), the added functionality to assess tornado costs using a variety
of exposure surfaces, etc., will provide more model utility. In addition, the creation of a TorMC
model user interface will provide other researchers and interested users access to the model
techniques and processes.
This dissertation serves as a “jumping off” point for future research investigating similar
hypotheses. The work has illustrated that both risk and vulnerability (exposure) need to be
considered when examining the disaster potential of a location or changes in disaster potential.
Because attribution science (i.e., whether climate change induced alterations in risk or societal
influences are responsible for increasing disaster frequency and magnitude) is in its infancy
(Brooks 2013; Tippett et al. 2015), research in this area will continue to grow and thrive as
computational resources and modeling improve. Elements of this dissertation are part of a
continually advancing field with many methods presented herein designed to be modular or
transposable. Consequently, this dissertation represents a foundation for future studies
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conducted by the author and others within the climate change-hazardous convective weather
field.
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